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Abstract

Numerical information is ubiquitous in consumer contexts, consumers rely on
numerical information to evaluate product attributes, make judgments and decisions, and
make predictions for relevant outcomes. This dissertation investigates how numerical
information influence consumer judgment and preferences.
Essay 1 introduces the concept of numerical expressions—numerical quantifiers
such as pairs, trios, quartets, dozens—and demonstrates that consumers prefer offers
expressed using numerical expressions (e.g., buy a dozen health drinks) relative to their
numerical counterpart (e.g., buy 12 health drinks). This occurs because numerical
expressions are perceived to be more complete and are easier to justify, and therefore
serve as goals in consumption contexts. I provide support across different contexts, using
different combinations of numbers, and provide process evidence. I also demonstrate how
managers can use this to increase efficacy of their offers.
Essay 2 investigates consumer predictions. Consumers are increasingly exposed
to numerical quantities in a wide variety of contexts, ranging from economic and
financial reports to product attributes. In many instances, consumers need to use these
data to make inferences about the future. While past research indicates that consumers
often extrapolate trends to make forecasts, little is known about how consumers make
inferences about the future when they only have one data point. I propose that, in the
absence of trend information, consumers have a systematic expectation that
v

numbers will increase (vs. decrease) in the future. I draw from research on numerical
cognition and combine elements of mental number line and mental time line with mental
metaphors to explain these effects. In six studies, I demonstrate that consumers expect
numbers to increase in a variety of domains, regardless of outcome valence. Most
importantly, this research provides a managerially relevant implication and shows how
charitable organizations can improve the effectiveness of their communication and better
persuade potential donors relying on this consumer expectation. I conclude with
implications and suggestions for future research.
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Chapter 1: Twelve of One or a Dozen of the Other? Numerical Expression Framing
and Product Preference

When consumers are searching for products online or browsing down the aisle at
the grocery store, they encounter a variety of numerical information. Product prices,
discount offers, quantity, attribute information, bundling details, as well as temporal
information are provided using numbers. Unsurprisingly, companies need to decide
which type of numerical information to present consumers and how to frame this
numerical information. In many cases, numerical attributes that convey the same quantity
can be framed in different ways and sway consumer product evaluation and preference.
Consider the following situation involving two consumers: Taylor and Riley.
These two consumers are on a grocery shopping trip and they have a goal of purchasing
10 healthy drinks. While browsing for some options, Taylor sees an offer for 12 healthy
drinks. At a different store, Riley sees a similar offer for a dozen healthy drinks. Who is
most likely to update their shopping goals and buy the larger quantity of healthy drinks?
Taylor that was offered 12 drinks, or Riley that was offered a dozen drinks?
In the current research, I investigate how a different framing of the same quantity
can influence offer attractiveness. To this end, I introduce the concept of numerical
expressions. Numerical expressions are quantifiers that denote amounts without using an
actual number symbol. Many numbers can be expressed using numerical expressions. For
example, the numbers 2, 3, 4, and 12, can be expressed as pairs, trios, quartets, and
1

dozens. I propose that how an offer is framed—using conventional numbers or numerical
expressions—will influence offer attractiveness.
Think back to the example of Taylor and Riley and their choice of 12 or a dozen
healthy drinks. I propose that Riley, who saw an offer which includes a numerical
expression (‘dozen’), is more likely to update their shopping goal and agree to purchase
12 drinks instead of the 10 planned. This is because numerical expressions are more
complete relative to their normatively equivalent numerical values and are easier to
justify. Therefore, numerical expressions are perceived to be more attractive offers. As
such, numerical expressions can activate shopping goals that are more amenable for
consumers to aspire to (Van Osselaer and Janiszewski 2012).
I demonstrate these effects in nine studies, including two preregistered. I also
replicate these effects in different contexts—from restaurants to online retailers and using
different dependent variables from willingness-to-pay to purchase likelihood. These
effects also replicate in the lab and in the marketplace.
I make theoretical contributions at the intersection of research on framing effects,
goals, and numerical cognition. First, I unveil a novel type of framing, namely numerical
expressions and make predictions about when and why consumers may perceive offers
framed using numerical expression framing to be more attractive. This work also
contributes to the burgeoning literature on the role of numbers in decision-making
(Monga and Bagchi 2012; Yan and Pena-Marin 2017). While this work may appear
similar to research on round numbers, there are marked differences. For example,
research on round numbers necessarily compares different numbers, round with nonround numbers (e.g., say 10 vs. 12; Pena-Marin and Bhargave 2016; Thomas, Simon, and
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Kadiyali 2010). I compare equivalent values—I either use the number or the
corresponding numerical expression (e.g., 12 vs. dozen). Finally, I contribute to the goals
literature (Fishbach and Dhar 2005; Lee and Ariely 2006) by demonstrating that
numerical expressions are more likely to be adopted as goals and this occurs because they
are perceived to be complete and therefore easier to justify.
The findings reported here also have direct managerial implications. The results
suggest that offer framing that uses numerical expressions (vs. an equivalent number)
increases offer attractiveness, and consequently influence consumer preference. I provide
evidence that this holds across different types of industries and offers and for different
measures of preference (i.e., purchase likelihood, willingness-to-pay). I also provide
evidence that numerical expression framing can be used in ad framing, sales encounters,
and product description. This research also shows that some companies charge a
premium when products are framed using numerical expressions. Therefore, the current
work offers managers an effective way to increase offer attractiveness that can be applied
in a wide range of products and services, and also to different types of offers from ads to
upselling attempts. I discuss these and other implications in the general discussion. Next,
I discuss the theoretical underpinnings of the current research.
THEORETICAL BACKGROUND
Given the ubiquity of numbers in consumer contexts, it is not surprising that prior
research has investigated the effect of numbers on decision making quite thoroughly.
However, the focus of much of prior research has been on comparing objectively
different numbers (e.g., 10 vs. 11; Isaac, Wang, and Schindler 2021; Pena-Marin and
Bhargave 2016; Thomas, Simon, and Kadiyali 2010; Yan and Pena-Marin 2017) or a
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change in measurement units (e.g., 4 years vs. 48 months; Lembregts and Pandelaere
2013). For example, round numbers, that is, numbers that end in “0” or “5” (Pena-Marin
and Bhargave 2016) elicit different perceptions relative to their precise counterparts and
are associated to goals (Pope and Simonsohn 2011; Yan and Pena-Marin 2017). I extend
this literature by investigating instances in which equivalent numerical quantities can be
framed differently, such as in the case of two and a pair or 12 and a dozen. To this end, I
introduce the concept of numerical expressions.
I define numerical expressions as quantifiers that convey a quantifiable amount
without relying on a number representation. Examples of numerical expressions are pairs,
trios, quartets, dozens. Although numerical expressions represent a quantity, they do so
without using an actual number such as 2, 3, or 12, either in Arabic numeral form (e.g.,
12) or in written form (e.g., twelve). Written numbers, such as twelve, do not qualify as
numerical expressions as they elicit the number itself and not a distinct quantifier as the
examples above do. I propose that consumers are more likely to aspire towards numerical
expressions product offers.
Although different units can also represent equivalent quantities, it is important to
distinguish between numerical expressions and units (Monga and Bagchi 2012;
Lembregts and Pandelaere 2013; Lembregts and Van Den Bergh 2019; see Table 1.1. for
a summary of relevant prior work). Prior work on consumer evaluation of different units
shows that presenting consumers with expanded or contracted units can influence
consumer judgment (Schley, Lembregts, and Peters 2017). Numerical expression
framing, such as a change from 2 to a pair or 12 to a dozen, does not necessarily represent
a change in measurement unit.
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It is also important to differentiate numerical expressions from prior research on
pseudo-sets. Pseudo-sets are arbitrarily created visual sets that aim at changing consumer
reference points (Barasz et al. 2017). As pseudo-sets are artificially created, they require
other actions from companies (e.g., creating packages for pseudo-sets) and they may
require customers to learn the new arbitrary quantity (e.g., Starbucks’ sizes such as tall,
grande, venti). In contrast, numerical expressions naturally occur in the marketplace and
are part of consumers common knowledge about quantities, and as such they may sound
more familiar to consumers than pseudo-sets. Hence, numerical expressions can be
applied to loose products, everyday purchases and instances in which it is not possible to
visually depict a pseudo-set. Furthermore, numerical expressions are established and
commonly used words that denote quantities and are applied in different languages (e.g.,
huitaine (8) and dizaine (10) in French; centena (100) and grosa (144) in Portuguese).
Hence, numerical expressions can be applied in different contexts and languages.
Therefore, I contribute to the burgeoning literature on numerical cognition and quantity
framing by extending prior work that promotes framing using number roundness, change
in units, or pseudo-sets (see Table 1.2. for the current work contribution relative to prior
work).
In order to understand how consumers might respond to numerical expressions, it
might be insightful to understand the burgeoning literature on how consumers evaluate
numerical information. Prior research suggests that a confluence of ambient factors,
individual-difference variables, as well as evaluation mode, influence how consumers
process numerical information. For example, in joint evaluation mode, consumers use
numbers rather than units to make inferences. Consequently, differences between 24 and
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12 months are perceived to be larger than two years and one year (Lembregts and
Pandelaere 2013; Pandelaere, Briers, and Lembregts 2011; Schley et al. 2017). However,
individual difference factors, such as mindset (abstract vs. concrete) or goals can alter
processing. For example, when consumers are in an abstract mindset (Monga and Bagchi
2012) or when they are working on self-improvement plans (Ülkümen and Thomas
2013), they weigh unit information more. Consequently, information expressed using
larger units (and smaller numbers) will be judged as being larger. For example,
consumers are less likely to adopt a high self-relevant goal, such as a diet, when it lasts
one year versus 12 months (Ülkümen and Thomas 2013).
I extend this literature in two ways. First, I introduce a novel construct, numerical
expressions, and study how this framing (e.g., dozen) compares with standard numbers
(e.g., 12). Though the role of numbers has been investigated when studying the role of
round numbers, for example, 9 versus 10 (Yan and Pena-Marin 2017), the numbers used
were necessarily different. And although different units can be used to expressed
equivalent quantities, they do so by changing the measurement unit, such as one year
versus 12 months (Monga and Bagchi 2012; Pandelaere et al. 2011). In contrast,
numerical expressions are just another way to express the same objective information
(e.g., 12 bottles vs. dozen bottles) without necessarily changing the measurement unit of
reference. A key feature of numerical expressions is that they convey numerical
information without relying on regular numerical quantifiers. Therefore, they are also
different from other written representation of numbers (e.g., twelve).
Second, and perhaps most importantly, my objectives are also different. While
most of prior research on numerical processing focuses mainly on magnitude perceptions,
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I propose that certain characteristics of numerical expressions make them more amenable
to being adopted as goals. In particular, in the current research I study how product offer
using numerical expressions can increase offer attractiveness, enhancing consumer
purchase likelihood and willingness-to-pay.
I propose that offers framed using numerical expressions will be more attractive. I
expect that this effect will be unique to numerical expressions, and not due to an artifact
of expressing equivalent numbers in symbolic (e.g., 12) versus written form (e.g.,
twelve). Formally, I predict:
H1: Consumers will be more likely to purchase or willing to pay more for a
product or service when the offer is framed using a numerical expression (vs. an
equivalent number).
Numerical Expression Completeness and Justification
I propose that offers expressed using numerical expressions (vs. equivalent
numbers) will be judged as more complete. Prior research suggests that perceptions of
completeness are malleable and that factors inherent to the product as well as context can
influence consumer judgments. At the most fundamental level, visual facets of
products—whether it looks complete or incomplete (e.g., shampoo bottle with a
handle)—influence completeness perceptions (Sevilla and Kahn 2014). In a similar vein,
visual arrangements of discrete items can influence consumer reference points of
completeness (Barasz et al. 2017). These perceptions are not restricted to visual stimuli
alone. Even certain numbers are judged as being more complete than others. For
example, round numbers—that is, numbers ending in “0” or “5”—are judged as being
more complete than numbers of similar magnitude albeit more precise (e.g., 9). This is
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because round numbers are usually used to set milestones or to bound categories (Yan
and Pena-Marin 2017). Importantly, round numbers are frequently perceived as reference
points and goals (Pope and Simonsohn 2011).
I expect that numerical expressions will also influence perceptions of
completeness. Specifically, I propose that consumers will perceive a quantity framed
using a numerical expression (e.g., dozen bottles) to be more complete relative to the
same quantity framed using numbers (e.g., 12 bottles). This occurs because of a few
reasons. First, numerical expressions are not part of a sequence. Numbers such as 3 and
12 are a part of a sequence of numbers. Consequently, an arbitrary collection of say 3 or
12 items is unlikely to be judged as complete, relative to other comparable numbers of
similar magnitude, such as say 2 or 4 items, or 11 or 13 items. Indeed, when offered a
collection of 12 candies one might wonder why the collection did not comprise of 10 or
15 candies. In contrast, a collection of a trio or a dozen items does not automatically
invoke such comparisons. This is because a trio and a dozen are not construed as part of a
continuous sequence (vs. the number line for 3 and 12). Instead, these numerical
expressions are perceived to be bounded. One reason is because there are no comparable
expressions for 11 or 13, while the number 12 does not suffer from the same constraint,
as it is part of a continuum (11, 12, 13, etc.). However, even in the case where other
neighboring numerical expressions may be exist (e.g., pair and a trio) they are not readily
processed as a sequence as in the number line.
Second, because of their categorical nature, numerical expressions share some of
the properties of units and can be perceived as such. According to dictionary.com, a unit
is “an individual thing or person regarded as single and complete.” Thesaurus.com
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provides many synonyms of units, such as accumulation, entirety, a group of, and whole.
I believe numerical expressions connote a similar sense of completeness. They are an
accumulation of items, that comprise of the entire set of items, and together form a group
that is whole. Consequently, I believe that an offer of a dozen items will seem more
complete than an equivalent offer of 12 items. Formally, I predict:
H2: Consumers will perceive offers framed using numerical expressions (vs.
equivalent numbers) as more complete.
I also propose that purchasing offers framed using a numerical expression will be
easier to justify compared to an offer framed using an equivalent number, which in turn
will increase consumers’ preference for numerical expression. I believe this occurs
because offers using numerical expressions will be judged as being more complete, and
this sense of completeness will increase ease of justification. Indeed, it is well-known that
consumers seek reasons to justify their decisions for choosing or rejecting options
(Chernev 2005; Shafir 1993; Shafir, Simonson, and Tversky 1993). I believe that a
complete goal conveyed by the numerical expression will be easier to justify.
Furthermore, an offer that is more justifiable will elicit higher preference. Indeed,
maximizing ease of justification is an important choice goal (Bettman, Luce, and Payne
1998), and consumers select options that can be easily justified (Shafir 1993; Shafir et al.
1993). For example, consumers find it easier to make utilitarian purchases than they do
hedonic purchases, because they are often easier to justify (Okada 2005; Prelec and
Loewenstein 1998). Yet, consumers are likely to choose unconventional or indulgent
options when they can provide reasons for it (Mukhopadhyay and Johar 2009; Simonson
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and Nowlis 2000), and consumers are also more likely to upgrade when they can justify
the offer more easily (Heidig et al. 2017). Formally, I predict:
H3: Consumers will perceive offers framed using numerical expressions (vs.
equivalent numbers) to be easier to justify.
Taken together, I propose that consumers will prefer an offer that is framed using
a numerical expression (vs. an equivalent number) because they perceive such offers as
complete and therefore easier to justify. In other words:
H4: Consumers will be more persuaded by offers expressed using numerical
expressions (vs. equivalent numbers) because these are perceived as being
complete and are therefore easier to justify.
OVERVIEW OF STUDIES
I investigate how numerical expression framing influences consumer decisions. I
report nine studies (two preregistered). In studies 1A and 1B I explore how numerical
expression framing is employed in the marketplace. I analyze archival datasets and show
that companies charge higher prices for offers framed using numerical expressions
consistent with the expectation that they are more attractive to consumers. In studies 2A
and 2B, I provide causal evidence that consumers perceive offers framed using numerical
expressions to be more attractive. To this end, I show that consumers are willing-to-pay
higher prices for offers framed using numerical expressions compared to conventional
numbers (2A) and pseudo-sets (2B). In study 3, I provide evidence that consumers are
more likely to adopt offers framed using numerical expressions (3A) and I provide
evidence that this effect is unique to numerical expressions (e.g., dozen) and not due to
the use of written verbal language to describe a quantity (e.g., twelve for 12; study 3B).
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In study 4, I provide evidence for the proposed underlying mechanism, showing that
offers described using numerical expressions are perceived to be more complete and are
more justifiable. In studies 5A and 5B I show boundary conditions of the effect.
Specifically, in study 5A I show that the effect is attenuated when the numerical
expression appears to be less complete. Also, in study 5B I show that when number
completeness is artificially increased, the advantage of numerical expression framing is
mitigated. Scenarios for studies can be found in appendix A.
STUDY 1 – NUMERICAL EXPRESSIONS AND PRODUCT PRICES
The goal of this study is to provide evidence that numerical expressions (such as
pair, duo, trio, dozen) have implications in the marketplace. More specifically, I want to
bring evidence that products described using numerical expressions have higher prices
than regular products. To accomplish that, I analyze actual restaurant menu items (Study
1A) and Amazon products (Study 1B) descriptions and prices.
Study 1A – Restaurant Prices
The dataset selected for this study includes detailed menus from restaurants
located in seven U.S. major cities. The dataset used in this study was used in prior
research (Jurafsky et al. 2016) and is available in the Harvard Dataverse repository
(Jurafsky 2016). The data encompass restaurant menus (collected from allmenus.com)
from various restaurant categories and price ranges (collected from yelp.com), and
provide a detailed item name, description and price. The data does not contain drink
items for the restaurants, only food dishes. The dataset consists of 6,511 restaurants and
detailed description for 591,980 menu items.
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To compare similar menu items that could be described using a number or a
numerical expression, I searched for menu items that included the words: duo, pair, trio,
dozen, two, three, six, and twelve in their descriptions. After screening the menu items
with numerical quantifiers in their description, I identified eight food categories that
contained quantifiers in their descriptions: crab cakes, fajitas, tacos, oysters, sushi,
sashimi, sausage, and wings. I only kept observations in which I had a comparable item
that used numerical expression (e.g., pair of tacos) and a number (e.g., two tacos). The
final sample contains 353 observations. I created a factor for whether the menu items
contained a numerical expression (0 – number, 1 – numerical expression), a factor for
food category, and a factor for the quantity of food described in the menu.
Results. I ran an ANOVA on the log-transformed price of the item using
numerical expression, food category, and quantity as factors. The results reveal a main
effect of food category (F(7, 341) = 20.86, p < .001, 𝜂𝑝2 = .300), and quantity (F(3, 341) =
8.08, p < .001, 𝜂𝑝2 = .066). Importantly, as expected the products described using a
numerical expression had a higher price (Mnumerical expression = 2.33, SE = .055) relative to
the products described using a number (Mnumber = 2.19, SE = .067; F(1, 341) = 4.37, p =
.037, 𝜂𝑝2 = .013).
Robustness checks. I also conducted a robustness check using the full dataset. To
develop a measure of numerical expressions, I coded menu items that contained the
words pair, duo, trio, and dozen in their description. Items that contained a numerical
expression were coded as 1, and the items that did not contain a numerical expression
were coded as 0. This factor was the main variable of interest in this study. I ran a linear
regression using item price as the dependent variable, and the numerical expression factor
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as the independent variable. I included restaurant category, city, and price level as control
variables in the model to account for restaurant fixed effects (Model 1). I also ran two
additional models. In one of the models, I included a variable created with average menu
price for each restaurant, this was done to have a more robust control of restaurant fixed
effects. This variable was included as control variable in a new model along with the
variables already mentioned (Model 2). In a third model, I created a new dependent
variable by subtracting each item price from the average restaurant price. This dependent
variable helped control for restaurant fixed effects and at the same time modeled the
deviation from average price. This third model (Model 3) included all the independent
and control variables from Model 1. The results for the three models confirm that the
presence of numerical expressions is associated with an increase in item price (see Table
1.3.). In the first model, when controlling for restaurant category, price level, and
location, an item which includes a numerical expression commands a higher item price (b
= 2.31, t(586,943) = 13.14, p < .001). The results replicated when controlling for
restaurant average price (b = 0.55, t(507,431) = 3.29, p < .001; Model 2) and using item
price deviation from average as the dependent variable (b = 0.55, t(507,432) = 3.27, p =
.001; Model 3).
Study 1B – Amazon prices
To provide more robust evidence that offers framed using numerical expressions
are sold for higher prices in a different context, in study 1B I investigated numerical
expression framing and prices at Amazon.com.
Procedure. I collected data for all products offered within the pencil subcategory
at Amazon.com (N=1,891). This product category was selected because, within this
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category, products are framed using both numbers (e.g., 12 pencils) and numerical
expressions (e.g., dozen pencils). The data collected for each product was product
description and product price. A total of 1,779 products had a complete description and
price that could be used for this study. I then created an independent variable, coding
products described using a number with zero (N=1,409), and products described using a
numerical expression received a one (N=370). The dependent variable of this study was
product price.
Results. An ANOVA on log-transformed price revealed the predicted main effect
of numerical expression framing, revealing that pencils framed using a numerical
expression (Mnumerical expressions = 2.59, SD = .59) are sold at higher prices relative to pencils
described using numbers (Mnumber = 2.41, SD = .74; F(1, 1777) = 19.27, p < .001, 𝜂𝑝2 =
.011).
Discussion
In this study I provide field evidence for the effect of numerical expressions using
archival data. I show that companies charge higher prices for products described using
numerical expressions. Therefore, I document an advantage of numerical expression
framing on actual product prices for restaurant menu prices and also for a product
category (i.e., pencils) sold at Amazon. Although correlational, this initial evidence
provides insights that products framed using numerical expressions may be perceived
differently than similar products framed using numbers. In the next study, I aim to
provide causal evidence that consumers are indeed likely to pay more for products
framed using numerical expressions.
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STUDY 2 – NUMERICAL EXPRESSION FRAMING AND WILLINGNESS-TOPAY
In Study 2, the goal is to show that numerical expressions will also influence
consumer willingness-to-pay (providing support for H1). More specifically, the goal is to
provide evidence that consumers are willing to pay more for products described using a
numerical expression relative to the same product described using a number (Study 2A)
or a pseudo-set (Study 2B). I expect that consumers will be willing to pay more for a
product described using a numerical expression (vs. number or a pseudo-set).
Study 2A – Willingness-to-pay for Numerical Expression versus Number Framing
Procedure. Two-hundred and ninety-one (Mage = 20.64, 30.6% female)
undergraduate students participated in this study in exchange for partial course credit.
This study had a 2-level (condition: number vs. numerical expression) between-subjects
design.
Participants were told to imagine they were looking to buy new kitchenware for
their place and went to Amazon to look for some of the products they needed. In the next
screen, participants saw a set of 3 peelers that was either described as “The Original
Magic TRIO Peeler Slicers” or “The Original Magic 3 Peeler Slicers” (depending on the
condition; stimuli available in Appendix A), along with a brief description of the product
(constant across conditions). Participants were then asked to report how much they would
be willing to pay for the product in an open-ended measure. This measure served as the
dependent variable for this study.
Three participants failed to answer to the dependent variable and were not
included in the analysis. Ten outlying observations ($100 million, $10,000, $99, $65,
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$60, $45, $45, $40, $40, $35) were identified using the robust approach of the median
absolute deviation (Leys et al. 2013). I employed the robust outlier approach given the
extreme values identified in the dependent variable and because the median (unlike the
mean) is very insensitive to outlier observations (Leys et al. 2013).
Results. As expected, an ANOVA on log-transformed willingness-to-pay revealed
that participants reported a higher willingness-to-pay when the product was described
using a numerical expression (Mnumerical expression = 2.32, SD = .69) compared to when was
described using a number (Mnumber = 2.16, SD = .70; F(1, 276) = 3.97, p = .047, 𝜂𝑝2 =
.014).
Study 2B – Willingness-to-pay for Numerical Expression versus Pseudo-set Framing
The goal this study 2B to demonstrate that numerical expressions are different
from pseudo-sets. As argued earlier, numerical expressions occur naturally in the world
and are not perceived as arbitrary sets of products. Pseudo-sets, on the other hand, are
created arbitrarily by companies and do not occur naturally in the marketplace (Barasz et
al. 2017). I propose that this difference will allow numerical expressions to decrease
reactance from offers, such that consumers will be more favorable towards similar offers
that are framed using numerical expressions versus a pseudo-set with an equivalent
quantity. In this study, I provide evidence that consumers are willing to pay higher prices
for an offer framed using numerical expressions relative to a similar offer framed using a
pseudo-set.
Procedure. Two-hundred and eighty (Mage = 20.37, 56% female) undergraduate
students participated in this pre-registered study
(https://aspredicted.org/blind.php?x=qr9q9n) in exchange for partial course credit. This
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study used a 2-level (offer frame: numerical expression [dozen] vs. pseudo-set [pack with
12]) between-subjects design. Participants were asked to imagine they were grocery
shopping and decided to buy yogurt (see Appendix A). At this point, they were presented
with an advertisement for a yogurt sale framed using numerical expression (“Get a
discount when you buy a dozen yogurts”) or a pseudo-set (“Get a discount when you buy
a pack of yogurt [12 count]”).
Participants then reported their willingness-to-pay for the yogurt offer (using a
slider scale ranging from $1 to $15). The willingness-to-pay was the main dependent
measure for this study. I expected participants in the numerical expression condition to be
willing to pay more for the yogurts relative to participants in the pseudo-set condition. I
also measured participant expectation of discount size (in US$), using a slides scale
(ranging from $0 to $10). I included this measure to rule out the possibility that
participants could expect a higher discount in one condition or the other.
Results. I log-transformed the willingness-to-pay dependent variable. As
predicted, an ANOVA with willingness-to-pay elicited a main effect of numerical
expression F(1, 245) = 15.73, p < .001, 𝜂𝑝2 = .060, revealing that participants were willing
to pay more for the yogurts when they were framed using a numerical expression
(Mnumerical expression = 2.12, SD = .36) versus a pseudo-set with an equivalent quantity
(Mpseudo-set = 1.94, SD = .35). Therefore, this study provides evidence that numerical
expressions are different from pseudo-sets and perceived to be more attractive to
consumers. Importantly, there was no difference in the expected discount across
conditions (Mnumerical expression = .83, SD = .53 vs. Mpseudo-set = .76, SD = .55; F(1, 245) =
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1.19, p = .28), ruling out the possibility that participants would expect a higher discount
for buying yogurts in the numerical expression condition.
Discussion
This study provides evidence that consumers are willing to pay higher prices for
products described using numerical expressions relative to an equivalent product that is
described using a number or products framed using pseudo-sets. More importantly, that
numerical expression framing is more attractive to consumers than equivalent number or
pseudo-set offers. Therefore, this study provides support for H1.
STUDY 3 – NUMERICAL EXPRESSIONS AND PURCHASE LIKELIHOOD
The goal of this study is to demonstrate the influence of numerical expressions on
consumer decision making. In a consumption situation, I provide consumers with an offer
using a numerical expression versus a number. I show that consumers are more likely to
add another product to their purchase when the offer is for a dozen (vs. 12) products, thus
providing further support for H1. Furthermore, I rule out the alternative explanation that
this effect could be explained by comparing a word to a number.
Study 3A – Upgrading from 10 to a Dozen
Procedure. Two-hundred and sixty-three (Mage = 20.19, 53% female)
undergraduate students participated in this pre-registered study
(https://aspredicted.org/blind.php?x=m5ae44) in exchange for partial course credit. This
study used a 2-level (offer frame: number [12] vs. numerical expression [dozen])
between-subjects design. Participants were asked to imagine they wanted to buy tokens to
play at an arcade (see Appendix A). They originally planned to buy 10 tokens, and asked
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the cashier for 10 tokens. At this point, the cashier in the number (numerical expression)
condition asks: “Why don't you get two more? This way you'll get 12 (a dozen) tokens.”
Participants then reported their likelihood of adding the extra product (“How
likely are you to add two more tokens to your purchase?”; 1 – not at all likely, 7 – very
likely). This measure was the main dependent variable in this and subsequent studies. I
expected participants in the numerical expression condition to be more likely to add the
extra drink.
Results. An ANOVA with likelihood of adding the product elicited a main effect
of numerical expression F(1, 261) = 5.31, p = .022, 𝜂𝑝2 = .020), revealing that participants
were more likely to add the extra product when the upselling offer was framed using a
numerical expression (Mnumerical expression = 4.12, SD = 1.91) versus an equivalent number
(Mnumber = 3.56, SD = 2.05).
Study 3B – 12 versus Twelve versus Dozen
Although the findings from the prior studies provide causal evidence for the
effectiveness of numerical expression framing, one could argue that the findings could be
due to an artifact of comparing a word (e.g., dozen) to a number (e.g., 12). Therefore, in
this study I rule out this alternative by comparing a numerical expression to both the
Arabic numeral and the written form of the number.
Procedure. Two-hundred and seven undergraduate students (Mage = 20.35, 55%
female) completed this study in exchange for partial course credit. This study used a 3level (offer frame: symbolic number [12] vs. written number [twelve] vs. numerical
expression [dozen]) between-subjects design (see Appendix A for scenario). Participants
were asked if they wanted to buy another probiotic drink in order to have 12, twelve, or a
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dozen probiotic drinks depending on the condition. Participants also indicated how likely
they would be to add the extra product as in study 3A.
Results. An ANOVA with likelihood of adding the extra product as the dependent
variable elicited the predicted main effect of offer frame F(2, 204) = 7.36, p = .001, 𝜂𝑝2 =
.067. As predicted, planned contrasts revealed that when the upselling offer was framed
as dozen (Mdozen = 4.11, SD = 2.00), participants were more likely to add the extra
product compared to both 12 (M12 = 2.94, SD = 1.74; t(136) = 3.68, p < .001, d = .625)
and twelve (Mtwelve = 3.19, SD = 1.95, t(137) = 2.77, p = .006, d = .466). However, the
twelve and 12 framing conditions were not different from each other (p > .43), suggesting
that the effect does not simply occur because numerical expressions do not contain
Arabic numerals.
Discussion
In sum, this study provides evidence that consumers are more likely to update
their consumption goals to attain a numerical expression. Importantly, study 3B rules out
the alternative explanation that the effect would be due to the use of a written number (vs.
symbolic number) format. Together, these results provide further evidence for H1 and
show that the numerical expression effect cannot be simply explained as a mere artifact
of comparting a word to a number.
STUDY 4 – NUMERICAL EXPRESSION, COMPLETENESS, AND
JUSTIFICATION
This study has three goals. The first goal is to replicate previous findings in a
health-related service domain (i.e., gym membership plan). The second goal is to test the
effect with a numerical expression for time. Finally, in this study I aim to provide process
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evidence for the numerical expression effect. Specifically, I aim to show that perceptions
of completeness increase justification, which increases purchase intentions (providing
support for hypotheses H1-4). I also rule out alternative accounts for the proposed effect.
Procedure
I recruited 143 undergraduate students (Mage = 20.14, 48% female) to complete
this study in exchange for partial course credit. This study also used a 2-level (offer
frame: number [4 months] vs. numerical expression [semester]) between-subjects design.
Participants were asked to imagine that they were planning to buy a gym membership and
were considering buying a 3-month plan. The gym associate suggested that they add one
more month in order to have a 4-month (vs. semester) plan (see Appendix A for
scenario). Note that participants were students and should readily understand that a
semester lasts 4 months; I also confirmed this with a different sample from the same
population (see Appendix A for details).
I then asked how likely they would be to add the extra month to their
membership. I measured completeness by asking respondents to indicate how “compared
to a 3-month gym plan, a 4-month (semester) plan feels like”: “a complete gym plan,” “a
whole gym plan,” and “a full gym plan” on three agree/disagree statements (α = .95; 1 –
do not agree at all; 7 – completely agree; adapted from Yan and Pena-Marin 2017). I
measured justification using a three-item scale in which participants rated their agreement
with the following statements: “It is easy to justify extending the duration of the gym
membership,” “I can provide reasons for extending the duration of the gym membership,”
“It is acceptable to extend the duration of the gym membership” (α = .79; 1 – do not
agree at all; 7 – completely agree). I also included several questions measuring
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perceptions of offer sincerity, persuasion, fluency, surprise, novelty, and whether
participants anticipated they would get a discount by extending the membership (all
measured using seven-point scales). These were added to rule out alternative
explanations.
Results
Likelihood to Add. Supporting H1, an ANOVA with likelihood of adding extra
month as the dependent measure revealed that participants were more likely to extend the
duration of their gym plan in the numerical expression condition (Mnumerical expression = 4.69,
SD = 1.53 vs. Mnumber = 3.78, SD = 1.65; F(1, 141) = 11.99, p = .001, 𝜂𝑝2 = .078).
Completeness. Supporting H2, participants reported the gym plan to be more
complete in the numerical expression condition (Mnumerical expression = 4.36, SD = 1.61 vs.
Mnumber = 3.21, SD = 1.44; F(1, 141) = 20.48, p < .001, 𝜂𝑝2 = .127).
Justification. Furthermore, supporting H3, participants reported it was easier to
justify adding the extra month when the upselling offer totaled a semester compared to 4
months (Mnumerical expression = 5.33, SD = 1.07 vs. Mnumber = 4.99, SD = 1.06; F(1, 141) =
3.60, p = .060, 𝜂𝑝2 = .025)
Serial Mediation. The mediation analysis revealed the predicted path, thus
supporting H4. Specifically, a bootstrap analysis with 5,000 samples (PROCESS Model
6; Hayes, 2013) revealed a significant indirect effect of numerical expression on
likelihood of adding extra time via completeness and justification in sequence (numerical
expression → completeness → justification → likelihood to add; CI95% [.090, .385]).
Alternative measures. Although participants perceived the offer to be more
sincere in the numerical expression condition (Mnumerical expression = 3.79, SD = 1.27 vs.

22

Mnumber = 3.34, 1.29; F(1, 141) = 4.52, p = .035, 𝜂𝑝2 = .031), sincerity does not mediate the
effect. There were no effects on other measures (i.e., persuasion, novelty, surprise,
fluency, anticipated discount; all ps > .29). Therefore, I rule out the possibility that other
constructs (e.g., fluency, anticipated discount) explain the relationship between numerical
expressions and likelihood to extend the duration of the service.
Discussion
Study 4 replicates the effects in a health-related service domain with a different
numerical expression. Importantly, this study provides evidence for the proposed
mechanism: numerical expressions increase offer completeness and offer justification
perceptions, which increase purchase intentions (supporting H1-H4). Also, this study
rules out several alternative explanations, including those based on perceptions of offer
sincerity, persuasion, fluency, novelty, and whether participants anticipated they would
get a discount by extending the service.
While offers using numerical expressions are perceived to be more sincere,
perceptions of sincerity did not mediate the results, suggesting that sincerity cannot
account for increases in purchase likelihoods. However, the increase in sincerity suggests
that numerical expressions may not activate persuasion knowledge (Campbell and
Kirmani 2000; Friestad and Wright 1994) and could have other positive consequences. I
come back to this point in the general discussion.
STUDY 5 – BOUNDARY CONDITIONS OF NUMERICAL EXPRESSIONS
After providing evidence for the numerical expression effect in different domains
and showing evidence for the proposed mechanism in the previous study, the goal of
study 5 is to provide evidence for the proposed process by testing a boundary condition.
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In study 5A, I test whether an incomplete numerical expression can mitigate the effect. If
perceptions of offer completeness drive the effect of numerical expressions (e.g.,
semester) on justification and later on purchase intentions, one should expect the effect to
be attenuated when the numerical expression is itself incomplete (e.g., part of a
semester). In study 5B, the goal is to delineate another boundary condition of the effect
by enhancing the completeness of the number offer. If perceptions of offer completeness
indeed drive the effect of numerical expressions, then approaches that increase
completeness of numbers should also increase upselling efficacy. Past research suggests
that visually depicting sets (e.g., package of products) should enhance perceptions of
completeness (Barasz et al. 2017). Hence, I predict that providing visual stimuli depicting
framing quantity as a package (e.g., package of 12 probiotics/package of dozen
probiotics) should attenuate the preference for numerical expression.
Study 5A – Incomplete Numerical Expression
Procedure. Two-hundred and seventy-five undergraduate students (Mage = 20.23,
48% female) completed this study in exchange for partial course credit. I used a 2 (offer
frame: number vs. numerical expression) × 2 (expression completeness: complete vs.
incomplete) between-subjects design. I used a scenario similar to that used in study 4.
Students were told they were planning to buy a gym membership. In the complete
expression conditions, students learned that they were planning to buy a 3-month
membership, and the gym associate suggested that they add one more month in order to
have a 4-month (vs. semester) plan. In the incomplete expression conditions, however,
students were planning to buy a 1-month gym plan, and the recommended addition of one
month would lead to a 2-month (vs. part of a semester) gym plan.
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Participants then answered the main dependent variable of the study (likelihood to
add the extra month; 1 – not likely at all; 7 – very likely) as in previous studies. I
measured completeness (α = 0.94) and justification (α = 0.87) using the same scales from
study 4.
Results. A 2 (offer frame) × 2 (expression completeness) ANOVA with likelihood
of adding extra time elicited two main effects. Consistent with H1, participants were
more likely to add the extra month when the upselling offer was framed using a
numerical expression (M = 4.25, SD = 1.75) versus a number (M = 3.78, SD = 1.81; F(1,
271) = 4.96, p = .027, 𝜂𝑝2 = .018). Also, participants were more likely to add the extra
month when the upselling offer resulted in a complete numerical expression (M = 4.33,
SD = 1.78) relative to an incomplete numerical expression (M = 3.69, SD = 1.76; F(1,
271) = 9.00, p = .003, 𝜂𝑝2 = .032).
Importantly, the results revealed a marginal offer frame by expression
completeness interaction F(1, 271) = 2.87, p = .092, 𝜂𝑝2 = .010. Planned contrasts
confirmed the prediction. Specifically, in the complete expression condition I replicate
the findings from previous studies, such that participants were more likely to add the
extra month when it led to a semester membership (Mnumerical expression = 4.74, SD = 1.69)
compared to a 4-month membership (Mnumber = 3.91, SD = 1.78; F(1, 271) = 7.71, p =
.006, 𝜂𝑝2 = .028). In the incomplete expression condition, however, there was no
difference in likelihood to add the extra month (Mnumerical expression = 3.75, SD = 1.68 vs.
Mnumber = 3.64, SD = 1.84; F(1, 271) = .14, p = .707).
A 2 (offer frame) × 2 (expression completeness) ANOVA on completeness
revealed two main effects (offer frame: Mnumerical expression = 4.22, SD = 1.64 vs. Mnumber =
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3.06, SD = 1.45; F(1, 271) = 41.12, p < .001, 𝜂𝑝2 = .132; expression completeness:
Mcomplete expression = 3.92, SD = 1.76 vs. Mincomplete expression = 3.36, SD = 1.48; F(1, 271) =
9.91, p = .002, 𝜂𝑝2 = .035) and the predicted interaction F(1, 271) = 10.42, p = .001, 𝜂𝑝2 =
.037. Planned contrasts revealed that, in the complete expression condition, participants
rated the gym plan as more complete when it was presented as a semester (vs. 4-month)
plan (Mnumerical expression = 4.79, SD = 1.55 vs. Mnumber = 3.05, SD = 1.52; F(1, 271) = 46.64,
p < .001, 𝜂𝑝2 = .147). In the incomplete expression condition, the gym plan appeared also
as more complete when framed as part-semester than 2-month plan, though this
difference was smaller (Mnumerical expression = 3.64, SD = 1.53 vs. Mnumber = 3.07, SD = 1.38;
F(1, 271) = 5.05, p = .025, 𝜂𝑝2 = .018).
A 2 (offer frame) × 2 (expression completeness) ANOVA on justification
revealed two main effects (offer frame: Mnumerical expression = 5.16, SD = 1.26 vs. Mnumber =
4.83, SD = 1.29; F(1, 271) = 4.60, p = .033, 𝜂𝑝2 = .017; expression completeness: Mcomplete
expression

= 5.15, SD = 1.24 vs. Mincomplete expression = 4.84, SD = 1.31; F(1, 271) = 4.27, p =

.040, 𝜂𝑝2 = .016) and the predicted interaction F(1, 271) = 6.00, p = .015, 𝜂𝑝2 = .022.
Consistent with my predictions, in the complete expression condition, planned contrasts
revealed that participants rated the upselling offer to be more justifiable when it was for a
semester (vs. 4-month; Mnumerical expression = 5.50, SD = 1.10 vs. Mnumber = 4.80, SD = 1.28;
F(1, 271) = 10.59, p = .001, 𝜂𝑝2 = .038). This difference did not emerge in the incomplete
expression condition (Mnumerical expression = 4.81, SD = 1.32 vs. Mnumber = 4.86, SD = 1.31;
F(1, 271) = .046, p = .830).
Moderated Serial Mediation. I conducted a bootstrap analysis with 5,000 samples
(PROCESS Model 83; Hayes, 2018) on likelihood to add, including completeness and
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justification scales as mediators and expression completeness as the moderator. As
expected, the model revealed a significant index of moderated mediation (b = .24, SE =
.09, CI95% [.081, .439]). Specifically, the indirect effect through completeness and
justification was stronger when the offer was framed using a complete expression
(semester) compared to an incomplete expression (part of a semester; see Figure 1.1.).
Study 5B – Increasing Completeness Of The Number Offer
Procedure. Due to constraints imposed by the Covid-19 pandemic, I conducted
data collection in two phases: from MTurk participants as well as undergraduate students.
I recruited 530 participants for this study (Mage = 26.73, 45% female) in exchange for a
small payment (MTurk) or partial course credit (lab). Eight MTurk participants dropped
out of the study before completing the dependent variable. This study used a 2 (offer
frame: number vs. numerical expression) × 2 (package framing: absent vs. present)
between-subjects design.
I used a scenario similar to that used in study 3B, with some differences. In all
conditions, participants were planning to buy 11 probiotics, and the sales associate
encouraged the participant to buy one more drink. In the package absent conditions, the
manipulations were similar to the earlier studies: in the number (numerical expression)
condition they were asked to add one more drink so they would have 12 (a dozen)
probiotic drinks. They were also shown an image of 12 single probiotic bottles (see
Appendix A for complete stimuli).
In the package present conditions, however, participants were asked to add one
more drink so they would have a bundle of 12 (a dozen) probiotic drinks. In addition,
they saw a picture of a package of probiotic drinks wrapped in plastic. Thus, in the
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package present conditions, irrespective of whether I used numbers or numerical
expressions, the upsell offer represented a complete package comprising of a bundle of
prepackaged probiotic drinks.
Participants then answered the main dependent variable of the study (likelihood to
add the extra bottle; 1 – not likely at all; 7 – very likely) as in previous studies.
Results. I initially conducted a 2 (offer frame) × 2 (package condition) × 2 (data
collection wave) ANOVA with likelihood to add the extra bottle as the dependent
variable. I included data collection wave because I used both student participants as well
as MTurk. However, data collection wave did not interact with any of the manipulated
factors (all ps > .28), suggesting that the results were not affected by the participant pool.
I, therefore, collapsed across the respondent pool and conducted a 2 × 2 ANOVA, which
revealed two main effects. Participants were more likely to add the extra bottle in the
numerical expression framing condition (M = 5.07, SD = 1.89) relative to the number
framing condition (M = 4.76, SD = 2.03; F(1, 518) = 3.96, p = .047, 𝜂𝑝2 = .008). Also,
participants were more likely to add the extra bottle in the package condition (M = 5.75,
SD = 1.53) relative to the no package condition (M = 4.07, SD = 2.00; F(1, 518) =
117.79, p < .001, 𝜂𝑝2 = .185).
Importantly, the main effects were qualified by the predicted offer frame by
package presence interaction F(1, 518) = 5.23, p = .023, 𝜂𝑝2 = .010. Planned contrasts
confirmed the predictions. Specifically, when package information was absent I replicate
the findings from previous studies, such that participants were more likely to add the
extra bottle to their purchase when it led to a dozen bottles (Mnumerical expression = 4.40, SD =
1.92) compared to 12 bottles (Mnumber = 3.74, SD = 2.03; F(1, 518) = 9.11, p = .003, 𝜂𝑝2 =
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.017). However, when package information was present, there was no difference in
likelihood to add the extra bottle between the dozen and 12 conditions (Mnumerical expression =
5.73, SD = 1.61 vs. Mnumber = 5.77, SD = 1.46; F(1, 518) = .04, p = .834).
Discussion
In study 5A, I conceptually replicate the numerical expression effect and provide
additional evidence for the proposed mechanism via offer completeness and justification.
Specifically, I show that the numerical expression effect on upselling offers is attenuated
when the expression is inherently less complete (e.g., part of a semester). In addition, I
show that perceptions of offer completeness are a stronger mediator of the numerical
expression effect when the offer is complete (e.g., semester) and that the indirect effect is
attenuated when the numerical expression is not complete.
In study 5B, I conceptually replicate the numerical expression effect and provide
further evidence that completeness perceptions underlie these effects. Specifically, I show
that the numerical expression effect on upselling offers is attenuated when I artificially
increase the completeness of the number offer using package framing.
GENERAL DISCUSSION
Although different numerical framing can be used in the marketplace, much needs
to be learned about how consumers react to such offers, especially beyond the realm of
number roundness or numerosity effects. I investigate how numerical expression framing
can increase offer attractiveness. I propose that consumers are willing to pay more and
are more likely to purchase additional products when the offer is framed using numerical
expressions (vs. the equivalent number or a pseudo-set). In nine studies, I bring evidence
for the proposed effect and underlying mechanism. Importantly, I rule out the possibility
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that the effect is driven by a written representation of the number, since I show that
numerical expression effects are unique compared both to symbolic and written numbers.
In addition, I show that these effects are explained by the enhanced perception of
completeness of the numerical expression framing, which leads to easier justification of
the offer.
Theoretical Implications
On the theoretical side, I add to the literature on numerical cognition by unveiling
a novel type of numerical framing that was not explored in prior research. Although prior
research uncovered effects of number roundness framing (Yan and Pena-Marin 2016;
Isaac et al. 2021) and how consumers respond to expansion and contraction of
measurement units (Pandelaere et al. 2011; Schley et al. 2017), no research up to date had
investigated the role that numerical expressions can have on consumer behavior. I
contribute to this literature by showing how numerical framing can influence offer
attractiveness. Specifically, I show instances in which numerical expressions are
preferred and provide evidence that numerical expressions are perceived to be more
complete and easier to justify compared to equivalent numbers and pseudo-sets.
This work also contributes to the literature on completeness perceptions by
unveiling ease of justification as a consequent of completeness. Specifically, prior
research has shown instances in which consumers may prefer more complete products
(Sevilla and Kahn 2014) or numbers (Yan and Pena-Marin 2017). I show that numerical
expressions increase perceptions of offer completeness, which in turn increase the ease of
justification of the offer. To the best of my knowledge, this is the first research to
empirically test the link between completeness and justification, therefore extending prior
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research on completeness perceptions (Barasz et al. 2017; Sevilla and Kahn 2014; Yan
and Pena-Marin 2017).
Also, I bring evidence that equivalent quantifiers can have distinct impact on
consumer decisions. I expand prior research on the role of change in measurement units
(Lembregts and Van Den Bergh 2019; Monga and Bagchi 2012; Schley et al. 2017;
Ülkümen and Thomas 2013) by showing this effect beyond the use of different units but
also to other numerical quantifiers, such as a dozen. More importantly, I contribute by
showing the process through which numerical expressions influence consumer
preferences.
Finally, prior work has shown that goals can be activated by using round numbers
(Pope and Simonsohn 2011) or by employing visual stimuli depicting pseudo-sets
(Barasz et al. 2017). In these instances, the goal was framed using objectively different
information (e.g., round vs. precise numbers, Yan and Pena-Marin 2017; presence vs.
absence of visual sets, Barasz et al. 2017). The current research employs objectively
equivalent quantities but manipulate whether numerical expressions or numbers are used
to show that numerical expressions can activate consumption goals.
Managerial Implications
The current research offers prescriptive advice on how managers can frame their
offerings to increase purchase propensity. I demonstrate that these effects are consistent
across different types of numerical expressions and apply to different numbers (3 vs. trio;
12 vs. dozen). Thus, numerical expressions can be applied to make upselling offers more
attractive to consumers across a wide range of products and services. This work brings an
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easy-to-implement framing that salespeople and online retailers can use to increase
upselling efficacy.
Numerical expressions can also be used to motivate financial decision making and
adherence to health goals. For example, when making changes to retirement plans,
companies can inform consumers that they may achieve a decade (vs. 10-year) worth of
savings by switching offers. Consumers can also be more motivated to extend a
certificate of deposit to achieve a quarter versus a 3-month period. Similarly, when
consumers have a goal to exercise more, it may be preferable to frame the numerical
expression as the goal (achieving a semester of exercise vs. 4-month exercise; exercising
for an hour vs. 60 minutes). Hence, numerical expressions can be used to nudge
consumers attain desirable goals.
I also provide evidence that consumers are willing to pay a premium for offers
framed using numerical expressions. In addition, I show that retailers that frame their
offers using numerical expressions charge premium prices compared to their competitors
that frame similar offers using numbers. Therefore, when possible, companies should
prefer to use numerical expressions (vs, numbers) to express quantity information.
Finally, it is worth noting that in study 4 I find that the offer with the numerical
expression was judged to be more sincere. Although not anticipated, this finding may
suggest that consumers do not perceive numerical expression framing as a persuasion
attempt, and therefore, this attempt may fly under the radar and could potentially be used
in marketing communication (Campbell and Kirmani 2000; Friestad and Wright 1994).
For managers, the implication may be that salespeople sound more trustworthy and build
rapport by using numerical expressions. Conversely, it is important for consumers to
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recognize that numerical expressions may sound benign and may not be recognized as a
persuasion attempt.
Future Research
As I unveil a novel type of numerical framing, this work raises many questions of
potential relevance to future researchers. From an offer framing perspective, my
questions can be broadly segmented into three categories: factors inherent to the offer,
factors in the context that influence interpretation of the offer, and factors inherent to
individuals that influence processing of this information.
At the core, factors inherent to the offer framing need to be studied in greater
detail and nuances that enhance or decrease consumer willingness to comply with offers
need to be identified. Two fundamental factors that may be worthy of further
investigation are message characteristics and product factors. I show that message
characteristics, specifically how numerical information is conveyed, affect consumer
adherence to the offer. This suggests that other aspects of messages may influence sales
attempts and need greater scrutiny. For example, would efficacy of numerical expressions
be contingent on product characteristics? Perhaps, consumers may be more willing to
comply with a numerical expression offer attempt when the product is hedonic (e.g., a
candy), or, might the attempt backfire because it activates persuasion knowledge
(Campbell and Kirmani 2000)?
Contextual factors can also influence the efficacy numerical expression framing.
For example, in the current research context, activating a completeness goal when a
numerical expression is used may require elaboration and cognitive effort. If these
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resources are constrained owing to contextual factors (e.g., noise, requirement to
multitask), the efficacy of numerical expressions offers may be attenuated.
Finally, would consumer dispositional factors influence how they interpret the
numerical expression offer? One factor that could impact these results is numeracy
(Peters et al. 2006). One might expect that consumers who are high in numeracy may be
less impacted by the manipulations employed here. This is because these individuals may
be able to switch more easily between numbers and numerical expressions. Another
factor that could impact the findings is processing style (Hsee et al. 2015). Future work
could explore how processing style influences the interpretation of numerical
expressions. On the one hand, it is possible that individuals who process information
more rationally might be less impacted by the manipulations relative to those who use
affect. This is because those who process information rationally may not perceive
numerical expressions differently from numbers. On the other hand, it may also be
possible that individuals who rely on reasons (vs. affect) will be more influenced by
offers that use numerical expressions because they consider the available information
more thoroughly. Therefore, these consumers may be more likely to perceive numerical
expressions as more complete and easier to justify.
I also contribute to the literature on numerical cognition by introducing a novel
construct: numerical expression. I hope future research can provide more information on
how numerical expressions are processed and how they impact decision making. For
example, a deeper understanding of why numerical expressions do not activate
persuasion knowledge could be instructive. I speculate these effects emerge because of
characteristics of numerical expressions: they are complete and easier to justify. Perhaps
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this draws attention away from the persuasion attempt? Or, does it decrease counterarguing? Could numerical expressions also increase sincerity and trust perceptions in
other contexts? For example, when promoting products, messages that match
completeness with a numerical expression (e.g., “for a complete reset of your day, try our
hour-long massage”) may be trusted more than those that match completeness with
numbers (e.g., “for a complete reset of your day, try our 60-minute massage”). Future
work could explore these possibilities.
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Table 1.1 - Summary of Relevant Literature on Numerical Cognition

36

Round vs. Precise
Number

Dependent
Variable
Magnitude
judgment;
Willingnessto-pay

Precise prices evoke feeling
of uncertainty

Number
Roundness

Round vs. Precise
Number

Task
performance

Round numbers are reference
points

Number
Roundness

Round vs. Precise
Number

Magnitude
judgment;
choice

Round number stability

Yan and
Pena-Marin
(2017)

Number
Roundness

Round vs. Precise
Number

Likelihood to
accept offer

Round number completeness

Pena-Marin
and Yan
(2021)

Number
Roundness

Round vs. Precise
Number

Choice

Compatibility between
motivation and numerical
precision

Framing Type

Independent Variable

Thomas,
Simon, and
Kadiyali
(2010)

Number
Roundness

Pope and
Simonsohn
(2011)
Pena-Marin
and Bhargave
(2016)

Underlying Mechanism

Key Finding
Precise prices are
judged to be of
smaller magnitude
than similar round
prices
Round numbers are
more likely to be set
as goals
Product performance
is perceive to last
longer when attribute
is framed using round
(vs. precise) numbers
Consumers are more
likely to close a
negotiation when
offer is framed using
round price
Numerical
information precision
is weighted
differently at
different stages of
decision process.

Isaac, Wang, Number
and Schindler Roundness
(2020)

Round vs. Precise
Number

Dependent
Variable
Task
performance

Barasz, John,
Keenan, and
Norton
(2017)
Pandelaere,
Briers, and
Lembregts
(2011)
Monga and
Bagchi
(2012)

Pseudo-set

Visual arbitrary sets vs.
discrete parts

Task
performance

Visual pseudo-set
completeness

Unit

Contracted vs.
Expanded Units

Magnitude
judgment;
choice

Perceived quality difference

Unit

Contracted vs.
Expanded Units

Magnitude
judgment

Level of construal

Lembregts
and
Pandelaere
(2012)

Unit

Contracted vs.
Expanded Units

Willingnessto-pay;
Product
evaluation

Fluency

Ulkumen and
Thomas
(2013)

Unit

Contracted vs.
Expanded Units

Goal adoption

Perceived difficulty

Framing Type

Independent Variable

Underlying Mechanism
Fluency

Key Finding
Consumers repay
debts framed in round
numbers faster than
debts framed in
precise numbers
Arbitrary sets
motivate people to
reach perceived
completion points
Attribute differences
appear to be larger in
expanded scale units
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Change is magnified
by expanded (vs.
contracted) units
when units are
prominent
Contracted default
units (vs. expanded
nondefault units) are
preferred in single
evaluation mode
Consumers prefer
contracted units for
goal adoption
because it decreases
perceived difficulty
to attain goal

Dependent
Variable
Willingnessto-pay
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Framing Type

Independent Variable

Schley,
Lembregts,
and Peters
(2017)

Unit

Contracted vs.
Expanded Units

Lembregts
and Van Den
Bergh (2019)

Unit

Contracted vs.
Expanded Units

Magnitude
judgment;
choice

Lembregts
and PenaMarin (2021)

Unit

Contracted vs.
Expanded Units

Task
performance

Current
research

Numerical
Expression

Number vs. Numerical
Expression

Preference

Underlying Mechanism
Comparative processing
occurs in simultaneous
evalution mode promotes
unit effect

Key Finding

Unit effect emerges
for simultaneous
evaluation mode, but
attenuates for
sequential evaluation
mode
Contracted units are easier to Consumers judge
evaluate, and therefore
differences between
promote difference
contracted units (i.e.,
perception
more discretized) to
be larger than those
between expanded
units
Expanded units (i.e., larger
Goals set with
numbers) offers greater
expanded units (and
opportunity to break subgoals larger numbers) leads
to goal pursuit with
more but smaller
subgoals.
Numerical expressions are
Consumers perceive
more complete and easier to
offers using
justify
numerical expression
framing to be more
attractive

Table 1.2 - Prior Work on Numerical Framing and Current Work Contribution

Framing
Type

Relevant works

Dependent
Variable(s)

Magnitude
Thomas, Simon,
judgment;
and Kadiyali
willingness(2010)
to-pay
Pope and
Task
Simonsohn
performance
(2011)
Pena-Marin and Magnitude
Number Bhargave
judgment;
Roundness (2016)
choice
Likelihood
Yan and Penato accept
Marin (2017)
offer
Pena-Marin and
Choice
Yan (2021)
Isaac, Wang,
Task
and Schindler
performance
(2020)
Pandelaere,
Magnitude
Briers, and
judgment;
Lembregts
choice
(2011)
Monga and
Magnitude
Bagchi (2012)
judgment
WillingnessLembregts and
to-pay;
Pandelaere
Product
(2013)
evaluation
Unit
Ulkumen and
Goal
Thomas (2013) adoption
Schley,
WillingnessLembregts, and
to-pay
Peters (2017)
Lembregts and
Magnitude
Van Den Bergh judgment;
(2019)
choice
Lembregts and
Task
Pena-Marin
performance
(2021)
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Equivalent
Framing
Equivalent
Measurement Occurs
Quantities
Unit
Naturally



✓

✓

✓



✓

Barasz, John,
Task
Pseudo-set Keenan, and
performance
Norton (2017)
Numerical
Current research Preference
Expression
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✓

✓



✓

✓

✓

Table 1.3 - Robustness Checks for Restaurant Data

Numerical

Model 1
DV: Item
Price
2.30 (.18)***

Expression
Category Fixed

Model 2
DV: Item
Price
0.55

Model 3
DV: Item Price
Deviation
0.55 (.17)**

(0.17)***
Yes

Yes

Yes

City Fixed Effects

Yes

Yes

Yes

Price Level Fixed

Yes

Yes

Yes

No

Yes

Yes

Effects

Effects
Restaurant Fixed
Effects
Note: ** p < .01, *** p < .001
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Note.—Standard errors in parentheses; ** p < .01, *** p < .001.

Figure 1.1 - Study 5A Moderated Mediation Analysis
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Chapter 2: Do Consumers Expect Numbers to Increase or Decrease Over Time?
The Upward Bias in Consumer Predictions

Although the future is yet to unfold, our present is inextricably linked with it—our
present decisions are predicated on, not just the current state of affairs of the world, but
also our expectations of what the future holds. For example, how much we invest in a
stock depends to a large extent on our expectations of the firms’ future revenues and
sales; how willing we are to support environmental causes, such as rainforest
deforestation, depends to a large extent on how severe we believe this problem is; and
how much we donate to a social cause depends on our estimate of how problematic this
issue is going to be in the future. It is, therefore, not surprising that academics as well as
practitioners in many different fields, ranging all the way from social (Elliott and
Timmermann 2008; Rakow 2010) to natural sciences (Gneiting and Raftery 2005), study
forecasting.
This large forecasting literature has, predictably, uncovered important antecedents
(e.g., history, knowledge, judgment; Lawrence et al. 2006; Pillai and Min 2010),
moderators (e.g., firm characteristics, task characteristics; Winklhofer, Diamantopoulos,
and Witt 1996), as well as consequences (e.g., cost of capital; Rakow 2010). A substream focuses on forecasts made from trends. In these studies, individuals are shown
data that follow a pattern, and are asked to identify the trend (Thomson et al. 2013) or
predict their next estimate (Bain 2009). For example, using data from three
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brands of coffee, Winer (1986) showed that consumers extrapolate previous periods’
prices to predict future prices.
However, in many situations, consumers may only have one data point—say,
current observation—that they can use to make inferences about the future. Trend
information may not be available or relevant. In other cases, trend information may exist,
but consumers may be unaware of them. Indeed, to make forecasts from trends, a
meaningful trend needs to exist, and consumers have to be aware of this trend, and be
able and willing to use this information. In most real-world contexts, this may not be
possible, and consumers may only have one data point to make inferences from. While
the practical importance of this question is quite evident, this question is also of
tremendous theoretical importance. When the past does not provide enough information
to rely on, how do people make inferences about the future? With only one data point—
say, how much a company spent on advertising this year—how do people predict whether
the company will advertise more or less next year? Likewise, would we expect a
company’s profits next year to be higher or lower than this year, all else being the same?
A priori there is no reason to expect profits to increase, decrease, or remain
invariant next year—some companies do better than others. However, if everything else
remains the same, then why would profits increase in the future? In fact, one might
expect profits to also remain the same next year. In the current research I propose to the
contrary and argue that consumers will expect profits of any given company to be higher
next year. In fact, I posit that, for any estimate at all, people expect the future values to be
higher. This occurs because consumers associate future changes with increases (rather
than with decreases)—leading to an “upward” bias. This upward bias does not result from
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consumers being overly optimistic about the future, as it also emerges in negatively
valenced contexts. For example, consider making predictions about how many trees will
be cut in the rainforest or how many children will be affected by an infectious disease in
the future relative to the present. I posit that people will predict a higher number in both
cases; an optimistic outlook would suggest to the contrary: the number of trees cut in the
future would be lower and fewer children would be infected in the future.
The present research primarily contributes to the literatures on forecasting and
numerical cognition and has important implications for consumer research. First, I show
that individuals have a systematic upward bias when making predictions for future
events. I draw from research on numerical cognition and combine elements of mental
number lines and mental time lines with mental metaphors to explain these effects.
Second, the current findings show that this phenomenon is quite generalizable and occurs
for events with both desirable and undesirable outcomes, ruling out optimism as the
underlying driver of these effects. Finally, the current work provides a general foundation
for understanding consumers’ expectations of future quantifiable events. In contrast to the
literature on trends, the effects reported here hold when consumers do not have a trend to
rely on, and generalize across many contexts, ranging from company performance and
deforestation to charitable giving.
These findings also have important managerial applications. First, given that
consumers tend to bias all estimates upwards, managers can strategically decide if and
when they should provide trend information. If trends are negative, it might be better not
to present them and only provide current values. Second, it might also be important to
carefully assess which kinds of information managers want to highlight. In the political
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arena, for example, instead of presenting the amount of forest destroyed by wildfires
under the current administration, one may choose to present the amount of forest
preserved—this is because, consumers will infer greater values in the future, and political
operatives might prefer that constituents estimate higher values for trees saved rather than
for trees lost in wildfires. Third, because the numbers estimated increase with time, it
might be more beneficial for managers to encourage consumers to think about a longer
time horizon—what might profit look like three years rather than one year from now.
Most importantly, in the current research I show how non-profit organizations can use the
upward bias expectation to increase the urgency of the cause by encouraging prospective
donors to think about future needs.
I report findings from six studies that provide support for the proposed upward
bias and show that people expect numbers to increase over time. I demonstrate robustness
and generalizability by replicating these effects for different events and across different
timeframes, and for both positively and negatively valenced contexts. I also provide
evidence to demonstrate why these effects emerge—I propose these effects occur because
of the congruency between consumers’ mental number line and mental time line. Finally,
I show how non-profit organizations can benefit from this upward bias expectation. In the
next section, I present a review of the literature on forecasting and mental metaphors that
lend theoretical support to the hypothesis of an upward bias and present the studies.
FORECASTING
Early references to forecasting can be found in ancient Greek poems from Homer
and Hesiod. For example, Hesiod provides a farmer’s almanac in his poem Works and
Days based on knowledge of the seasons. In those ancient societies, predictions were
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used to forecast events relevant for everyday activities, such as farming, to singular
significant events such as an emperor’s death and the resulting political turmoil; these
forecasts were however linked to the cosmos and the activities of gods (Taub 2004).
Modern forecasting, in turn, is grounded in the works of Pascal and Fermat on gambling
and probabilities, which essentially laid the mathematical foundations of statistics
(Devlin 2010).
Understanding the future is key today as it was in the ancient times; it helps us
plan both simple as well as complex activities, ranging from rather mundane issues such
as whether we should take an umbrella to work or not to more consequential decisions
relating to life insurance and retirement. Consequently, the effects of forecasting pervade
all facets of life and has important implications for the economy (investment, interest
rates, stock market, cost of capital) and for social welfare (healthcare decisions,
retirement plans, climate change).
Given the critical role that forecasts play in our daily lives, they have received
significant attention in many different literatures, ranging from the natural sciences
(Gneiting and Raftery 2005; Nash and Sutcliffe 1970) to economics and financial
decision making (Elliot and Timmermann 2008; Lakonishok, Shleifer, and Vishny 1994).
One sub-domain focuses on how people make inferences from trends. Studying the
coffee marketplace, Winer (1986) noticed that, when estimating future prices, people
often just extrapolate from trends. He suggested that when consumers are unaware of the
“true” prices of products, they develop “personal forecasting rules” that rely on
extrapolation. Such extrapolation occurs in many other areas of microeconomics and
forecasting (Andreassen and Kraus 1990; Lynch 2002). For instance, investors often use
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naïve extrapolation models to predict future performance of stocks (Lakonishok et al.
1994), which leads to overvaluation of growth stocks (i.e., stocks that have done well in
the past), but to undervaluation of value stocks (i.e., stocks that have had a poorer track
record).
Others have since expanded beyond these basic findings. For example, research
suggests that people are more accurate at generating forecasts for ascending than for
descending trends (Harvey and Bolger 1996; Lawrence and Makridakis 1989; Thomson
et al. 2013); this occurs because forecasters anticipate managerial intervention with
negative trends, which they believe will lead to a reversal (Lawrence and Makridakis
1989). Relatedly, Thomson and colleagues (2013) find that people show more variation
when forecasting negative trends (as they make errors with these) than they do for
positive trends. Such errors also creep into general predictions—for example, road traffic
forecasters overpredict toll road usage based on trends (Bain 2009).
In trend forecasting studies, researchers usually present respondents with shortand long-term trends and ask them to identify the trend (Thomson et al. 2013) or predict
the next point (Bain 2009). However, in many situations, consumers may only have one
data point—say, current information or what the current research refers to as the base
value—to make inferences with about the future. Indeed, in many situations, trend
information may not be available or be relevant. For example, consider a new car’s fuel
efficiency. Because the car is new, it is not clear what the efficiency might be; it could be
lower, be equal to, or be higher than that of other models. Likewise, the price of
electronic products (e.g., a new laptop) could be lower or higher than prices of previous
products—these are influenced by both product features as well as market forces.
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In other cases, trend information may exist, but consumers may be unaware of
them. For example, consider a restaurant that scored high on a food-safety rating last
month. Although the restaurant may have moved up, down, or scored the same grade,
consumers may not be aware of this information. Factors endogenous to the consumer,
such as attention, memory, involvement, and interest might influence their ability to
retain and recall enough information to infer a trend. To make forecasts from trends, a
meaningful trend needs to exist, and consumers must be aware of this trend and be able
and willing to use this information. Therefore, except in special circumstances, the more
general case may well be when consumers have only one data point—that is, the base
value—to make inferences with. This argument is also conceptually consistent with a
large literature in heuristics and biases that documents that consumers have cognitive
limitations, which lead them to seldom use all the available information and often make
inferences based on a small set of cues (Milkman, Chugh, and Bazerman 2009; Tversky
and Kahneman 1974). Therefore, consumers often need to make predictions based on one
data point. In this research I propose that even in such circumstance consumers will
expect numbers to go up. My thesis relies on number and time association, as discussed
next.
NUMBER AND TIME ASSOCIATIONS
Although prior research has investigated how individuals make predictions based
on trends, past research has not explored instances where estimates are provided based on
a single base value. I propose that respondents will predict higher estimates for future
values. This phenomenon is driven by spontaneous associations based on mental metaphors
associating both numbers and time with space. In particular, past research suggests that
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people map both numbers and time on a mental line such that they increase to the right
(Boroditsky 2000; Dehaene, Bossini and Giraux 1993). The next section provides a
discussion why people might expect numbers to increase based on spatial associations, then
extend this to time.
Mental Number Line
The Cartesian coordinate system provides a basis for our understanding of
numbers (Beniger and Robyn 1978). In the Cartesian framework, numbers increase from
left to right. Our understanding of the number system, including how we count, as well as
all the operations that we perform on numbers, such as additions and subtractions, are
affected by this arrangement (Davis and Hersh 1986). Consequently, it is not surprising
that our mental number line—that is, the line encoded in our brain—also coheres with
this—numbers increase to the right (Dehaene et al. 1993). This idea is not recent (see
Restle 1970) and is also referred to as the Spatial-Numerical Association of Response
Codes (SNARC) effect in the literature (see Dehaene et al. 1993; Dehaene 2003).
Dehaene and colleagues (1993) argue that number magnitudes have spontaneous
spatial associations, such that smaller numbers are placed on the left, and larger numbers
are on the right. In their studies, participants responded faster to small numbers using
their left- (vs. their right-) hand but to large numbers using their right- (vs. their left-)
hand. The way we count and the way we write down a suite of numbers (e.g., 1, 2, 3),
also corroborate these findings: numbers increase from left to right. Fractions and
negative numbers also follow this pattern. For example, Toomarian and Hubbard (2018)
show that adults can spatially represent fractions according to their absolute magnitudes,
consistent with the mental number line. Similarly, Fischer and Rottmann (2005) show
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that people categorize negative numbers faster when associated with left (vs. right),
suggesting a continuation of the number to the left of zero (i.e., a number line for
negative numbers). Not surprisingly, a meta-analysis of 46 studies supports this notion:
the mental number line metaphor can indeed account for participants’ response to number
magnitude (Wood et al. 2008).
Although prior research suggests that this association may be learned, owing to
the direction of writing (left-to-write in Western cultures; Dehaene et al. 1993) and to our
reliance on the Cartesian coordinate system (Hubbard et al. 2005), recent evidence
suggests to the contrary: even animals associate smaller numbers to the left and larger
numbers to the right (Rugani et al. 2015), suggesting that this left-to-right orientation in
the mental number line might be more innate than originally believed. Regardless of
whether this is learned or innate, literature unequivocally supports the notion that people
associate the spatial left with smaller numbers than the spatial right.
Mental Time Line
Analogous to the mental number line, individuals also spatially represent time,
using a mental time line (Bonato, Zorzi, and Umiltà 2012; Boroditsky 2000). Because
time is an abstract concept, in order to interpret it, it needs to be represented using a more
concrete dimension (Ulrich and Maienborn 2010). The mental time line provides such a
dimension. Research suggests that people often associate the future to their right and the
past to their left (Casasanto and Jasmin 2012; Santiago et al. 2007; Ulrich and Maienborn
2010; Maienborn et al. 2015). For example, English speakers use gestures in the left
direction to refer to the past, and gestures in the rightward direction to refer to the future
(Casasanto and Jasmin 2012). Relatedly, individuals respond faster to past-related words
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using their left-hand and to future-related words using their right hand (Santiago et al.
2007). A similar effect emerges for past- versus future-related sentences (Ulrich and
Maienborn 2010). Finally, participants react faster to retrospective verbs (e.g., to
remember) using the left hand, and to prospective verbs (e.g., to expect) with the right
hand (Maienborn et al. 2015).
As with the mental number line, some researchers suggest that the spatial time
association is learned owing to how we write (from left-to-right) as well as how our
calendars are oriented (again from left-to-right; see Bonato et al. 2012 for a review).
Others propose a more fundamental, albeit innate process for these effects. According to
the Theory of Magnitude (ATOM; Walsh 2003), information with magnitudes, such as
numbers and time, are processed using a common neural mechanism (in the parietal lobe;
Bonato et al. 2012; Bueti and Walsh 2009). Thus, the same cognitive mechanisms that
processes numerical information is also responsible for processing spatial-temporal
transformations. Consistent with this, using a serial comparison task, Muller and Schwarz
(2008) showed that participants were faster at judging magnitudes for a sequence of
numbers presented in an ascending versus descending order (e.g., first 2, then 3; smaller
digit presented first vs. first 3, then 2; larger digit presented first). Together, this line of
research suggests that judgments about numbers reflect the temporal numerical order in
which they are presented (Muller and Schwarz 2008).
Because the mental number and time lines are both spatially rooted, with numbers
and time both increasing from left to right, I propose that this commonality may allow a
time cue to activate a spatially congruent number. Specifically, because the past is
mapped on the left, it may activate numbers that are represented on the left as well,
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namely low numbers. In contrast, because the future is mapped on the right, it may
activate numbers that are represented on the right as well, namely high numbers.
Although what constitutes a low versus a high number will likely be context dependent,
what I propose is that, in any given context, relative to the current base value, people will
estimate a higher number for the future (as that involves moving to the right) and a lower
one for the past (as that involves moving to the left). This upward bias will hold for both
desirable and undesirable outcomes (thus inconsistent with an explanation based on
optimism). More formally:
H1: Given a base value, and in the absence of trend information, individuals will
forecast future numbers to be higher than this base value.
From this main prediction, I derive ancillary predictions that are consistent with
my theoretical framework. First, according to the mental time line and number line
congruency account, forecasts for far-future should be higher in magnitude compared to
forecasts for near-future:
H2: Given a base value, individuals will forecast distant future numbers to be
higher than near future numbers.
Second, as already mentioned, providing estimates for the future should critically
differ from providing estimates for the past:
H3: Given a base value, individuals will forecast future numbers to be higher than
this base value, but estimate past numbers to be lower than this base value.
OVERVIEW OF STUDIES
To test the proposed association between mental time line and mental number
line, I conducted six studies. First, using a series of different contexts and time frames, I
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demonstrate support for the proposed upward bias: people estimate higher numbers for
the future relative to the given base value. Second, I rule out optimism as an alternative
explanation for the effects by showing that the upward bias holds for both favorable and
unfavorable outcomes. Third, consistent with the proposed theory, I show that the
forecast reverses when individuals make predictions about the past. By using response
latencies, I demonstrate that this association between the mental time line and the mental
number line is spontaneously applied. Finally, I provide evidence on how non-profit
organizations can benefit from the upward bias. I show that eliciting upward bias
judgments can shift consumer charity preference and influence actual volunteering
behavior.
STUDY 1 – CHANGE OVER TIME
The goal of this study was to test the proposition that individuals expect changes
to be positive when they estimate a future value based on a single base value. Participants
saw different scenarios in a between-subjects design; in each scenario they were provided
a single base value (e.g., 113,000 square miles of trees were cut in the rainforest) and
were asked to provide future estimate of this value. I also varied timeframe—whether the
prediction was for the near or distant future. I expected that participants’ estimates would
be higher than the base value (H1), and that these estimates would be higher for distant
timeframes compared to near timeframes (H2).
Procedure
A total of 437 participants (Mage = 33.81 years, 40.7% female) were recruited on
Amazon Mechanical Turk and completed this study in exchange for financial
compensation. This study used a 2 (timeframe: near vs. far) × 7 (scenario: rainforest,
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certified fire investigator, election, food label, advertising spending, company profit, and
chickenpox; stimuli for scenarios available in Appendix B) between-subjects design with
random assignment. Participants were presented with a scenario that contained a single
base value.
Participants were then asked to provide either a near-future or a far-future
estimate. After providing their estimate, all participants answered the following question
“do you think the new estimate will be lower, stay the same, or be higher than the number
provided in the scenario?” on a three-point scale (1 – lower, 2 – stay same, 3 – higher).
Because units and relative magnitudes varied across the different scenarios (for
example, number of trees in the rainforest scenario and millions of dollars in the
company profit scenario), I rescaled the estimates to make them comparable. I computed
the percentage increase/decrease—for example, if in the above scenario a participant
provided a future estimate of 150,000 square miles, then the computed percentage change
would reflect a positive 32.7% change ((150,000- 113,000)/113,000) × 100). Positive
percentages indicate increases, while negative percentages indicate decreases. Calculating
percentage changes allows me to aggregate the estimates across scenarios for an overall
analysis.
Responses of 12 respondents who presumably did not follow instructions were
removed. For example, in the “company profit” scenario, the baseline values were in
millions, and participants were also required to provide their estimates in millions of
dollars. That is, participants were told that a company reported $13 million profit, so they
were asked to make their predictions on the same unit (e.g., 15 [million dollars]).
However, some participants entered trailing zeros (e.g., 15,000,000.00 [million dollars]).
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I encountered such high numbers in two scenarios (4 instances in profit and 8 instances in
advertising spending, for a total of 12) and removed these (response > 99 million dollars
in the profit scenario and 9.9 billion dollars in the advertising scenario). The results
including such observations are directionally consistent with actual results, but not
significant because of the inflated standard error. Please note that the participants’
answers for the three-point scale measure were not removed because those answers do
not suffer from the response error issue, and thus allow for an alternative test of the
hypotheses on the entire dataset.
Results
Consistent with H1, participants’ future estimates were higher than the base value
provided. The aggregated percentage change was significantly higher than 0 (Maggregated =
34.61%; SD = 79.49; t(424) = 8.98, p < .001, d = .44). Participants expected the numbers
to be higher for both the near (Mnear = 24.24%; SD = 75.05; t(218) = 4.78, p < .001, d =
.32) as well as the far timeframe conditions (Mfar = 45.63%; SD = 82.72; t(205) = 7.92, p
< .001, d = .55). Furthermore, consistent with H2, participants expected numbers to be
higher in the far timeframe (Mfar = 45.63%) than in the near timeframe (Mnear = 24.24%;
F(1, 423) = 7.81, p = .005, η2p = .02).
The pattern of results also generally replicates for each of the different scenarios.
The disaggregated results for each separate scenario are shown in Table 2.1. As can be
seen, 12 out of 14 results are consistent with the predictions, which is significantly higher
than chance (χ2(1) = 7.14, p < .01).
Participants had also indicated the direction of change (on a 3-point scale)
indicating their overall expectation (1 – lower, 2 – stay same, 3 – higher) for the future
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value. A t-test comparing the expectation of direction of change revealed that participants
expected a positive change for both near (Mnear = 2.45; SD = .77; t(218) = 8.57, p < .001, d
= .58; compared to 2 – “no change” in scale) and far scenarios (Mfar = 2.49; SD = .80; t(205)
= 8.70, p < .001, d = .61; compared to 2 – “no change” in scale).
Discussion
The results from this study support hypotheses 1 and 2. Consistent with the
expectations, across seven scenarios and two different dependent measures, I find support
for the proposed upward bias effect: respondents expect future values to be higher than
the base value (H1). In this study participants were only provided a base value and no
trend information was provided. Indeed, in these scenarios, there was no reason to believe
that the numbers would go up systematically, or for that matter go down or even change
at all. For example, consider the number of square miles cut in the rainforest. The current
number does not imply any trend, and there is no reason for one to believe that the
number of square miles cut would increase or decrease in the future, or even change at all
without providing any further information (e.g., increase/decrease in farming activity).
Nevertheless, participants systematically expected numbers to increase for future
estimates. I also find that participants expect changes to be higher for more distant versus
near timeframes (H2), which is consistent with my account of an association between the
mental time line and the mental number line.
STUDY 2 – POSITIVE AND NEGATIVE FRAME MANIPULATION
The previous study shows that individuals systematically estimate higher values
in the future. I posit that this occurs because of the association between the mental time
line and the mental number line. However, one alternative explanation could be that these
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effects emerge because people are more optimistic about the future (e.g., Thomson et al.
2013; Weinstein 1989). Although the scenarios in study 1 that were both positively and
negatively valenced (e.g., number of people taking an exam, or trees cut in the
rainforest), I did not explicitly rule out optimism as an alternate explanation. In order to
rule out an explanation involving optimism, in this study, I use a single scenario, but
manipulate its framing (positive vs. negative). An explanation based on optimism would
predict that people would give higher estimates because that signifies a rosier future.
Presumably, I would only obtain higher numbers in the positively framed condition but
not in the negatively framed one. However, if the effects in study 1 are due to the
association between the mental time line and the mental number line, the upward forecast
should emerge irrespective of frame. So, this study has two goals: to replicate study 1
findings and to rule out optimism as an explanation.
Procedure
One-hundred and seven (Mage = 35.58, 43.9% female) participants were recruited
on MTurk to participate in this study in exchange for payment. One participant
experienced a technical issue (could not enter their desired response) and indicated this,
therefore, this participant was eliminated from the analysis. This study used a 2-cell
(frame: positive vs. negative) between-subjects design with random assignment. All
participants were informed about deforestation in the amazon rainforest. In the positive
(negative) frame, participants learned that in 2008, 113,000 square miles of rainforest
were saved (cut). Participants were then asked to estimate the number of square miles to
be saved or cut in 2018.
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Thus, all participants saw a single base value, but it was either associated with a
positive or a negative outcome and had to estimate a future value. As in the previous
study, all participants answered the following question “do you expect the number asked
in the scenario [your estimate] to be lower or higher than the original number provided in
the scenario?” on a three-point scale (1 – lower, 2 – no change, 3 – higher).
Results
Consistent with the proposed upward bias (H1) but inconsistent with an
optimism-based account, participants provided positive estimates regardless of the
framing of the scenario. More specifically, participants provided higher estimates in both
the positive (Mpositive = 145,785.17; SD = 118,363.56; t(52) = 2.02, p = .049, d = .28) and
the negative frame (Mnegative = 140,124.68; SD = 72,175.06; t(52) = 2.74, p = .008, d =
.38). Corroborating these results, the expectation for future number measured on 3-point
scale also evidence that participants expected the next number to be higher than the
baseline for both the positive (Mpositive = 2.25, SD = .92; t(52) = 1.95, p = .057, d = .27;
compared to 2 – “no change” in scale) and negative scenarios (Mnegative = 2.34, SD = .90,
t(52) = 2.76, p = .008, d = .38; compared to 2 – “no change” in scale).
Discussion
Consistent with H1, the results show that upward bias holds for both favorable
and unfavorable outcomes. These results rule out an optimism-based explanation, that
would then predict a significant decrease in the negatively valenced condition. The goal
of the next study is to offer more evidence for the proposed association-based
explanation.
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STUDY 3 – PAST AND FUTURE TIME FRAME MODERATION
The studies so far showed that individuals expect numbers to increase when
making estimations and that this is not due to optimism. To provide evidence of my
association account for this phenomenon, in the current study I ask participants to make
predictions for the future and for the past. The association account implies that people
will expect numbers to increase in the future but decrease in the past. So, given a present
value, estimated values should be higher for the future, but lower for the past relative to
the provided benchmark baseline value.
Procedure
Two-hundred and fifty-four (Mage = 20.45, 55.1% female) undergraduate students
completed this study in exchange for course credit. This study used a 2 (timeframe: past
vs. future) by 3 (scenario: rainforest, students passing exam, and company profit) mixeddesign with random assignment. The timeframe condition was manipulated betweensubjects. Participants were asked to provide future or past estimates. I selected three
scenarios from the original seven scenarios used in study 1 (I selected three scenarios to
avoid overloading respondents; see stimuli in Appendix B). As in the earlier studies, the
scenarios provide participants a base value for an event (e.g., company’s profit).
However, unlike in the previous studies, in this study, respondents provided either past or
future values—for e.g., in the future frame, participants were asked to provide an
estimate for a company’s profit in 2020 given the value for 2017, whereas in the past
frame, they estimated what the profit was in 2014.
As in study 1, some participants presumably did not follow instructions in the
company profit scenario. For the company profit scenario, I asked participants to answer
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in millions of dollars, and therefore removed responses that were higher than 99 (million
dollars). In total, 73 participants did not follow instructions when providing an estimate
for this scenario and those specific estimates were removed from the main analysis
(although I report their estimates for the other scenarios in the studies). As in study 1,
because units and magnitudes varied across the different scenarios, I rescaled the
estimates to make them comparable. I computed the percentage increase/decrease:
positive percentages indicate increases, while negative percentages indicate decreases.
As in the previous studies, I asked participants to indicate their expectation about
future value for each scenario on a three-point scale (1 – lower, 2 – no change, 3 –
higher). This question does not suffer from the response error issue that the previous
question on estimates does, and thus allows to corroborate to the estimate findings.
Results
To be able to conduct an aggregate analysis on the estimates, I converted these to
change percentages. I expected the change percentage to be positive for participants
predicting the future, but negative for participants predicting the past (recall that negative
number in the measure means that participants expect a negative change). Because I
dropped data for several participants for one of the estimates, I ran a mixed model using
past or future condition as a between-subjects factor, and participants as within-subjects
factor. In contrast to a repeated measures ANOVA, a mixed model does not drop all the
data for participants with one missing observation. Results show that participants
estimated higher numbers for the future (Mfuture = 49.38%, SD = 93.68; replicating results
from previous studies), but lower numbers for the past (Mpast = -26.09%, SD = 35.65; F(1,
687) = 196.40, p < .001). A follow-up analysis shows that estimates for future condition
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are significantly different from zero (t(341) = 9.75, p < .001, d = .53; compared to 0) as
well as estimates for past condition (t(346) = -13.63, p < .001, d = -.73; compared to 0).
Table 2.2 summarizes the results for each scenario.
I also analyzed the expectation of change direction measure as this includes all the
data. Participants indicated that they expect numbers to be higher for the future estimate
(Mfuture = 2.71, SD = .63; t(125) = 12.71, p < .001, d = 1.13; compared to 2 – “no change”
in scale) but lower for the past estimate change (Mpast = 1.38, SD = .73; t(127) = -9.53, p
< .001, d = -.98; compared to 2 – “no change” in scale).
Discussion
In addition to replicating prior findings, this study provides support for H3:
relative to a base value, people expect numbers to increase when making predictions for a
future point in time, but expect numbers to decrease when estimating for a past point in
time. This is consistent with the proposed account based on the association between the
mental time line and the mental number line. The future is to the right on the mental time
line and numbers also increase to the right on the mental number line; therefore,
estimates for the future are higher than the base value, reflecting a positive change.
Conversely, the past is to the left on the mental time line and numbers also get smaller to
the left on the mental number line; hence, estimates for quantities in the past are lower
than the base value, reflecting a negative change.
STUDY 4 – SPONTANEOUS ASSOCIATION
The goal of this study is to test whether the association between the mental time
line and the mental number line is spontaneously applied. That is, when people are asked
to think about some quantifiable estimate in the future, they spontaneously expect an
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increase. As a result, in this study I expect participants to react faster when agreeing to
estimates that imply an increase rather than a decrease.
Procedure
One hundred and eighty undergraduate students (Mage = 20.8, 67% female)
participated in this study in exchange for course credit. Using a between-subjects design
participants were randomly assigned to one of five scenarios: number of patients that
visited an emergency room, number of museum visitors, number of pages read online,
number of calories consumed, and number of calories burned (scenarios available in
Appendix B). After seeing the scenario, participants were presented with several possible
future estimates and were asked to judge if these were likely or not. The procedure is
described in more detail below.
The scenarios were very brief and provided an initial base value. The base value
for each scenario was constant and did not change between predictions. For example, in
the emergency room condition, participants were informed that the number of visits to a
hospital emergency room this month was 9,200. After participants read this, I explained
to them that they would be presented 60 sets of numbers in sequence. In each set, they
would first see the initial base value provided in the scenario (e.g., always 9,200 for this
specific scenario) and after 500ms they would see a different target value for the next
month on each trial (e.g., next month: 9,509). Thus, although the base value remained
constant in each scenario, the target value changed across the iterations. Participants were
required to indicate if this target value could be the next period’s value.
These target values were presented in random order but were evenly distributed in
terms of valence—half were higher than the original base value (e.g., 9,509), while the
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other half was lower than the original base value (e.g., 8,912). Participants were asked to
answer as quickly as possible whether they thought that the target value was likely to be
correct or not likely to be correct by pressing the respective keys. I recorded two sets of
responses: whether they agreed that the target value was likely to be correct or whether
they thought it was likely to be incorrect; and the time taken to respond. To allow
participants to get acquainted with the task, the first 10 trials were practice trials. These
practice trials were excluded from the analysis; which resulted in 50 actual trials per
participant.
Results
Choice of Agree vs. Disagree with stimulus. I conducted a Generalized Estimating
Equations (GEE) analysis to examine how the target numbers (whether they were larger
than the base value or lower) affected agreement likelihood. The GEE analysis allows to
specify a binary logistic regression model with change compared to the base value
(positive or negative) as a factor and agreement (vs. disagreement) with the change being
likely as a dependent variable, while taking into account that responses to the 50 trials
within any participant are not independent of one another.
Consistent with H1, participants’ likelihood of agreeing to whether this target
number could be a future estimate depended on whether the number reflected a positive
or a negative change (χ2 (1) = 27.71, p < .001). Specifically, participants were more likely
to agree that a higher target number (relative to the base; i.e., a positive change) would be
more likely to be a future estimate (72%) relative to when the target number was lower
(than the base; i.e., a negative change; 61%).
Response Times. I first log-transformed the response time data (to account for
skewness) and then subjected the data to a multilevel analysis in order to account for the
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dependencies arising from the repeated measures. This multilevel model included a
random intercept and the direction of change (i.e., positive change vs. negative change),
participants’ answer (i.e., agree vs. disagree), and the interaction between these two
factors as fixed effects. To control for differences across scenarios, I initially included
scenario factor (and all interactions with it) as random factors. Including a scenario factor
does not change the conclusions; for ease of reporting I present the results for the simpler
model that excludes all these random factors. Finally, I estimated the error degrees of
freedom of the statistical tests using Satterthwaite’s approximation, which may produce
fractional degrees of freedom (Satterthwaite 1946).
The analysis revealed a main effect of answer on response latency, such that
participants were faster when they agreed (Magree = 6.73, SE = .021) compared to when
they disagreed (Mdisagree = 6.86, SE = .022; F(1, 8870.47) = 185.27, p < .001), but no main
effect for direction of change emerged (p > .59). Most importantly, I also obtained an
interaction between participants’ answer and the direction of change (F(1, 8838.79) =
17.03, p < .001).
One contrast of interest is the comparison of trials in which participants agreed
with a positive change versus the response times when they agreed to a negative change.
This contrast tests if participants react faster for positive changes compared to negative
changes. I indeed find that participants react significantly faster when agreeing with a
positive change (Mpositive agree = 6.71, SE = .022) relative to when agreeing with a negative
change (Mnegative agree = 6.75, SE = .022; F(1, 8805.57) = 17.03, p < .001). This result is
presented in Figure 2.1. (response times retransformed to milliseconds to facilitate
interpretation).
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I predicted that people will be quick to accept a positive change and to reject a
negative change as they can base that decision on a spontaneously activated association
of time with numbers. However, rejecting a positive change and accepting a negative
change requires a deliberate overriding of this natural inclination. As inhibitory processes
usually are associated with longer response times, rejecting a positive change and
accepting a negative change should thus take longer. The relevant contrast revealed that
participants took longer to disagree with positive changes (Mpositive disagree = 6.87, SE =
.024) than to disagree with negative changes (Mnegative disagree = 6.84, SE = .023; F(1,
8820.08) = 5.04, p = .025).
Discussion
This study provides further support for my thesis that people spontaneously
associate future changes with increases. Participants in this study agreed significantly faster
with stimuli that reflected a positive change (target higher than base value) than those that
reflected a negative change (target lower than base value), suggesting that positive change
was more accessible to participants than comparable negative changes. At the same time,
participants took longer time to disagree with positive changes than they did with negative
changes, suggesting that they had to deliberate longer to decide whether a positive change
was not likely for the given scenario. This evidence that positive changes are more
accessible explains why individuals systematically predict positive change estimates (vs.
negative changes) when asked to make predictions for the future. In the next set of studies,
I investigate a managerial application of the upward bias expectation.
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STUDY 5 – FUTURE EXPECTATIONS AND CHARITY PREFERENCE
In this study, the goal is to show that consumers find charity communication more
appealing after they are asked to predict the number of people affected by a problem the
charity is trying to solve or the number of people the charity can help in the future. Prior
literature in prosocial behavior has documented that perception of need is an important
driver of charitable giving—the greater the perceived need, the more people donate
(Bekkers and Wiepking 2011). Specifically, I propose that, since consumers expect
numbers to go up, when asked, they will predict that the number of people the charity
helps will increase in the future. This, in turn, will prompt them to help the charity more.
This is because making a prediction about the magnitude of the future impact of a charity
highlights its growing need and enhances the issue sense of urgency to potential donor.
Therefore, the goal of this study is to show that the upward change expectation prompt
can influence charity preference.
Procedure
Three-hundred and forty-one (Mage = 20.16, 57% female) undergraduate students
participated in this study in exchange for partial course credit. This study had a 2-level
(control target vs. prediction target) between-subjects design. Participants were told to
imagine that they were considering donating to a charity that operates in Central
America. They were then presented an advertising from two charities Guatemala Hospital
Relief, labeled ‘Charity A’ and Ayuda Nicaragua, labeled ‘Charity B’. In the control
condition, participants read a general description about the work of each charity including
the number of people who benefited from each charity in 2019 (i.e., Charity A: “In 2019,
the Guatemala Hospital Relief received emergency requests from 17,000 patients”;
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Charity B: “In 2019, Ayuda Nicaragua received emergency requests from 15,000
patients”; see Appendix B). In the prediction condition, along with the general
information presented, participants were prompted to make a prediction about the number
of emergency requests that Charity B would receive in 2025. This prediction resembles
the task participants completed in studies 1-3. After seeing the information about the two
charities, participants were asked which charity they would choose to make a
contribution to (charity B being the target charity). I propose that choice shares for
charity B will increase when participants are prompted to make a prediction about the
issue at hand.
Results
Prediction. Replicating prior studies, participants in the prediction condition
expected that the number of people requesting aid by Charity B would increase in 2025
(M = 23,105.96; t(172) = 6.94, p < .001; vs. 15,000 that was the base value in the
scenario).
Charity choice. As predicted, participants were more likely to select the target
charity (Charity B) after making the prediction. Specifically, in the control condition 28%
(N=47) of participants selected to contribute to Charity B. In the prediction prompt
condition, 39% (N=68) of participants selected to contribute to Charity B (χ2(1) = 4.90, p
= .027, N=341).
Discussion
This study brings initial evidence that including the future expectation prompt in
charity messages can increase the appeal of the charity communication. That is, including
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a prompt that makes consumer predict the magnitude of an issue in the future enhances
the preference for the charity.
STUDY 6 – CONSEQUENCES FOR VOLUNTEERING
The goal of this study is twofold: to replicate the previous finding in a prosocial
domain, and to show an incentive compatible application of the upward bias. In this
study, I present an environmental issue—miles of polluted rivers—and a base value. I
then ask people to give a short term or a longer-term past estimate. I predict that
consumers will give us a much lower value in the longer term past frame than in the
shorter past frame, which will make the change more salient. That is, people will believe
that more change has occurred (many more miles of river waters have been polluted over
time) in the longer time horizon than in the shorter time horizon, which will then lead to a
higher likelihood of donation. This is because participants who estimate that a larger
number of miles of river have been polluted will evaluate this issue as more pressing.
Procedure
Ninety-nine (Mage = 36.40, 37.4% female) participants were recruited on MTurk
to complete this 2 (timeframe: near past vs. distant past) between-subjects study with
random assignment in exchange for payment. I dropped responses of 17 participants (16
failed an attention check question that was unrelated to the main study and was assessed
prior to stimuli or measure presentation as was done by others [e.g., Huang and Gong
2018]; one person’s response was three standard deviations away from the mean).
Participants read a passage about river pollution in Brazil and the importance of
conserving drinking water reservoirs. Participants then learned that a recent report from
2018 showed that 68,000 miles of rivers were polluted in Brazil (full stimuli and
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procedure reported in Appendix B). Participants were then asked to estimate how many
miles of rivers they thought were polluted in 2017 (near past condition) or in 2011
(distant past condition). Consistent with H2 and H3, I expected respondents to indicate a
higher value in the near condition but a lower value in the distant condition, which would
then make the relative change (current miles - past miles of polluted rivers) seem higher
in the distant condition. This should make the need seem bigger in the distant condition
than in the near condition.
In the second part of the study, participants were told that a conservation
organization had gathered a database of images of potentially polluted rivers and needed
volunteers to help check the images and confirm if a river was actually shown in the
image. Participants were informed that their participation was totally voluntary, and their
participation decision would not impact their payment for completing the study.
Participants were then asked if they would volunteer to perform the extra task. This
behavioral measure served as the main dependent variable for this study. Participants
who volunteered to help were then asked to select how many images they would like to
check, and then they worked on the task. The study ended for those who decided not to
perform this extra task.
Results
Upward Bias. Replicating findings from previous studies, an ANOVA with
participants’ estimate of polluted miles revealed a main effect of timeframe (F(1, 80) =
6.56, p = .012, η2p = .08). Consistent with H1, participants estimated that less miles of
rivers were polluted in 2011 (M2011 estimate = 46,357.14, SD = 12,656.48) than in 2017
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(M2017 estimate = 54,550.00, SD = 16,165.73). Thus, as expected participants believed that
more pollution occurred since 2011-2018 than from 2017-2018.
Choice to Volunteer. As predicted, participants were significantly more likely to
volunteer to perform the extra task in the longer time horizon (2011; 88.10%) than in the
shorter time horizon (2017; 65.00%, χ2(1) = 6.14, p = .013).
Discussion
This study adds to the previous findings in three important ways. First, it
replicates study 3 findings showing that consumers estimate lower numbers for the past
and that estimations for near and distant past differ consistent with the mental time line
and the mental number line account (lending further support to H2 and H3). Second, it
replicates the findings in a negatively valenced scenario, providing additional evidence
against the optimism-based explanation (Weinstein 1989). Finally, it provides evidence
that the upward bias has behavioral consequences. That is, the upward bias not only
influences consumer predictions but also affects behavior and intention to act based on
those predictions. This study shows that consumers were more likely to donate their time
for a cause after eliciting greater change.
GENERAL DISCUSSION
In the present paper, I show that consumers are more likely to expect numbers to
increase (rather than decrease) for a future point in time. I propose this occurs because of
the association between the mental time line and the mental number line. The findings
reported here further suggest that this association may be automatically activated.
In study 1, I document the upward bias using different scenarios and contexts.
Participants systematically expected that numbers for a future point in time would be

71

higher than the current value provided in the scenario and numbers for a distant
timeframe to be higher than numbers for a near timeframe. In study 2, I replicate the
effect for both positive and negative outcomes, ruling out optimism as an alternative
explanation. Together these studies support H1 and H2. Study 3 shows that the effect is
reversed when participants make predictions for a point in the past, supporting my
explanation for an association between mental metaphors for numbers, time, and space.
These studies support H1 and H3. In study 4, using response latencies paradigm, I find
evidence that individuals react faster to positive changes (vs. negative changes), and they
also tend to find positive changes more likely to happen. This study supports the idea that
the upward bias results from the application of a spontaneously activated association
between future estimates and higher numbers. That is, consumers naturally expect future
numerical quantities to be higher than the current value.
Finally, the final set of studies provide evidence of managerial implications of the
upward bias for charitable giving. Specifically, study 5 shows that charity appeals
become more attractive when consumers are prompted to provide an estimate for a
quantifiable issue. Study 6 provides evidence of a behavioral consequence of the upward
bias. Specifically, consumers were more likely to volunteer their time to a charitable
cause after eliciting a higher change in the target environmental issue. Together, these
studies support all the proposed hypotheses.
Theoretical Contributions
The current research makes three main theoretical contributions. First, while past
research documents the effects of trends on future forecasts (De Bondt 1993; Thomson et
al. 2013), seldom are consumers in the real world aware of, and are able to use trend
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information to make predictions. In many cases trend information may not even be
available or be relevant. Therefore, often consumers may only have one data point to
make inferences with. For example, when browsing online, consumers only see the
current product ratings, performance, and price, and need to decide whether to buy or
wait. The finding that consumers systematically expect numbers to increase based on a
single point in time can help provide a micro foundation for understanding how
consumers make inferences about the future.
Second, while past work on forecasting provides mixed evidence for consumers’
ability to identify trends, with some difficulty in identifying descending trends (Thomson
et al. 2013), the effects reported here are robust to contexts and valence (similar pattern
of effects for both positively and negatively valenced contexts), and emerge for both
positive and negative numbers, as well as for future and past time frames.
Third, I propose that mental metaphors about numbers and time may underlie
these effects. Both the mental number line (i.e., numbers increase to the right) as well as
the mental time line (i.e., future is to the right) support the notion that numbers increase
on the right. Although extensive previous research supports the notion of mental
metaphors for both numbers and time (Bonato et al. 2012; Boroditsky 2000; Dehaene et
al. 1993; Santiago et al. 2007; Wood et al. 2008), the literature is silent about the
implications of these mental metaphors for consumer judgments (for exceptions, see
Chae and Hoegg 2013 and Romero, Craig, and Kumar 2019). I show that the interaction
of these mental metaphors influences judgments for future quantifiable estimates and
leads to an upward bias. I also provide some evidence to show that these effects may be
quite fundamental: as I show, consumers need to override a natural tendency to expect a
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positive change when forecasting. Furthermore, because positive changes are more
natural to consumers, I expect that positive changes will be processed more fluently
(Alter and Oppenheimer 2009), possibly influencing product liking and perceived
truthfulness of information (Hansen, Dechêne, and Wänke 2008; Lee and Labroo 2004).
Future research could explore this relationship between positive change expectation and
fluency. The current findings thus contribute to the literature on forecasting and
consumer expectations.
This work also opens avenues for future research. For example, future research
could explore whether these findings would replicate in constrained contexts, such as
when the limits for change are close to a boundary. In addition, research could explore
whether these findings would apply for settings in which consumers naturally expect
numbers to decrease, such as the number of animals for an endangered species.
Moreover, the findings reported here show that the upward bias differs contingent on
time horizon (near vs. far; studies 1, 3 and 6). The nature of these effects could provide
important insights; for example, do consumers apply this association linearly or do they
use some form of discounting that leads to non-linear effects? In other words, if
consumers had to build a trend from a single data point, how might that trend look? This
would be the opposite of what prior research has investigated, but it also has important
implications, as it is likely to affect current decisions. Finally, will the upward bias vary
when predicting for the self-relevant versus others-relevant events? For example, will
predictions for personally relevant events differ from other-relevant events? I leave these
questions for future research.
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Managerial Contributions
Numbers and numerical attributes are ubiquitous and impact consumer judgments
and decisions on a regular basis. For example, restaurant scorecards, product ratings, firm
performance, product efficiency measures (e.g., miles per gallon for cars, seasonal energy
efficiency ratio for HVAC systems), and product price all contain numbers. These
numbers are dynamic and change all the time—sometimes they go up while at other
times, they go down. The current research shows that consumers expect these numbers to
increase rather than decrease in the future. Practitioners should be aware of this tendency
to better manage consumer expectations to match changes in product and service
attributes.
More importantly, the current research provides evidence that non-profit
organizations could use the upward bias to make their communication more attractive for
potential donors. For example, in study 6 I show that consumers are more likely to
volunteer their time to a charitable cause when they perceive a bigger change for an
environmental issue. Non-profit managers could take advantage of this finding by
eliciting their potential donors to think about the urgency of the issue (e.g., how many
children will face hunger next year?) or the efficacy of the charitable organization (e.g.,
how many meals can we provide next year?).
Furthermore, because I expect positive changes to be processed more fluently
than negative changes, I expect this to influence consumers’ judgments of products and
agents. It is well known that enhanced fluency improves product liking (Labroo, Dhar,
and Schwarz 2008; Lee and Labroo 2004). In this case, positive changes in attributes
might also increase consumer liking and evaluations. In contrast, it may be also the case
that consumers will judge a forecaster that provides a disfluent forecast to be more
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competent on the basis that they put more effort in their predictions (Thompson and Ince
2013). In this case, forecasting a negative change could increase consumers’ confidence
in the forecaster. Future research may be able to shed light on this and document other
downstream consequences.
Conclusion
In sum, the present work shows that consumers systematically expect quantities to
increase in the future. I show this phenomenon is robust across a variety of scenarios, rule
out alternative explanations and show its consequences for consumer prosocial behavior.
The findings of the current research have implications for a broad scope of research,
namely numerical cognition, psychology, and charitable giving.
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Table 2.1 - Raw Mean Estimates by Scenario (Study 1)

Scenario

Scenario Base
Value
113,000
50,000

Rainforest
Chicken Pox
Students Passing
650
Exam
Food Label
3,000
Company Profit
13
Advertising
1.1
Spending
Election
50,000
ⱡ p < .10, *p < .05, ** p < .01, *** p
< .001
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Near Estimate

Far Estimate

129,524.49**
49,768.59

134,031.25*
62,205.88 ⱡ

762.88**

861.65*

4,409.68
14.76***

4,828.48**
14.27*

1.27**

2.45**

83,066.67***

87,156.25***

Table 2.2 - Raw Estimates by Scenario (Study 3)

Scenario
Rainforest
Students Passing
Exam
Company Profit
*** p < .001

Scenario Base
Value
113,000

73,621.33***

Future
Estimate
224,408.73***

650

530.08***

776.74***

13

9.81***

16.22***
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Past Estimate

1100.00
982.40

Response time (ms)

1000.00
900.00

953.37

862.64
820.57

800.00
700.00
600.00
500.00
Agree
Positive Change

Disagree
Negative Change

Figure 2.1 – Raw Response Times for Positive and Negative Changes (Study 4)
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Appendix A: Stimuli for Chapter 1
Study 2A

Figure A.1 – Number Condition

Figure A.2 – Numerical Expression Condition
Study 2B
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Study 2B

Figure A.3 – Pseudo Set Condition

Figure A.4 – Numerical Expression Condition

Study 3A
Imagine you decided to visit an arcade bar to have some fun. There is a new arcade bar in
your town and features the newest and best rated games. You decide to visit the place and
play. You need one token for each game/machine at this arcade bar. You plan to buy 10
tokens.
You proceed to the cashier and ask for 10 tokens. The arcade associate then says: "Why
don't you get another two? This way you'll get 12 (a dozen) tokens."
Study 3B
Imagine you're planning on a healthier diet to get in shape. To achieve your goal of eating
healthier foods you decide to start drinking a probiotic drink. You go to a nearby
specialty store to buy eleven bottles.
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The product is located next to the counter. You get 11 and proceed to check-out. The
store associate then says: "Why don't you get another one? This way you'll get 12
(twelve) [a dozen]."
Study 4
Pretest:
I conducted a pretest to confirm the intuition that undergraduate students readily
understand that a semester last 4 months. Specifically, I asked a different sample from the
same population as that of study 3 (N=173) the extent to which they agreed to the
following statement: “An academic semester has 4 months” on a seven-point scale (1 –
not at all; 7 – very much). Results indicate that students agree to this statement above the
midpoint in the scale (4), providing evidence that they understand that a semester lasts 4
months; M = 5.69, SD = 1.34; t(172) = 16.68, p < .001.
Scenario:
Imagine you want to have a healthier lifestyle and get in shape. So instead of going to the
gym using a pay-as-you-go fashion, you decide to get a longer plan to make a
commitment. You do some research online and visit a few gyms to select the best option
for you. After selecting your option, you decide to buy your plan. The gym representative
explains that you can buy plans in 1-month increments. You are considering buying a 3month plan. The gym representative then suggests: “Why not add 1 more month? This
way you will enjoy the gym for 4 months [a semester]”.
Study 5B Package Present
Imagine you're planning on a healthier diet to get in shape. To achieve your goal of eating
healthier foods you decide to start drinking a probiotic drink. You go to a nearby
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specialty store to buy eleven bottles.
The product is located next to the counter. You get 11 and proceed to check-out. The
store associate then says: "Why don't you get another one? This way you'll get 12 [a
dozen]."

Figure A.5 – Package Absent

Study 5B Package Absent
Imagine you're planning on a healthier diet to get in shape. To achieve your goal of eating
healthier foods you decide to start drinking a probiotic drink. You go to a nearby
specialty store to buy eleven bottles.
The product is located next to the counter. You get 11 and proceed to check-out. The
store associate then says: "Why don't you get another one? This way you'll get a prepackaged bundle of 12 [a dozen]."

Figure A.6 – Package Present
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Appendix B: Stimuli for Chapter 2

Table B.1 – Scenarios for Studies 1-4
Study Scenario
Study Chicken
1
Pox

Rainforest

Company
Profit

Description
Chickenpox is a very contagious
disease that causes a blister-like rash,
itching, tiredness, and fever.
Chickenpox can be serious,
especially in babies, adults, and
people with weakened immune
systems. You can get chicken pox
from an infected person who sneezes,
coughs, or shares food. You are at
risk for chickenpox if you have never
had the illness and have not had the
chicken pox vaccine. The Center for
Disease Control calculated that
50,000 people contracted Chicken
Pox across the world in 2003 [2012].
According to the Rainforest
Foundation, in the year 2010 alone,
about 113 000 square miles of
rainforest were cut.
A company produces party themed
items such as paper napkins, paper
plates and paper cups. A company
report details profits made each year.
2014’s profit was $13 million.
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Question
What do you think is
the number of the
people who contracted
chicken pox in 2013?

What do you think
was the amount cut in
the year 2012 [2015]?
What do you think
will be the profit for
this company in 2015
[2018]?

Food Label

Students
Passing
Exam

Advertising
Spending

Election

Every year the Food Working Group
identifies new products that meet its
guidelines for containing limited
amounts of pesticides. This year
3,000 new products have received
this label.
The International Association of
Arson Investigators developed the
Certified Fire Investigator (IAAICFI) exam. The IAAI-CFI exam is an
established test for identifying and
recognizing a fire investigator’s
expertise. This test is accredited by
the National Board of Fire Service
Professional Qualifications. Every
year, the International Association of
Arson Council, which administers the
exam, releases the number of people
who took the test in the US. In 2010
the number was 650.
Advertising Age's annual Leading
National Advertisers report ranks and
analyzes spending of the top 200
U.S. advertisers. Total spending
consists of measured-media spending
for 18 forms of traditional media
along with internet spending. The
report indicates that the average
advertisement spending last year [10
years ago] dedicated to measured
media for the top 100 LNA was $1.1
billion.
You are listening to your local news
radio. An expert has been invited to
talk about the upcoming local county
elections. After carefully examining
all the candidates (their background,
histories, etc.) and sentiment of likely
voters, the expert predicted that Mr.
Moore will get the votes of 50,000
people. A month [3 months] later,
the expert makes a new prediction
about the election.
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How many new
products will receive
this label in 2016
[2020]?

How many students do
you think passed took
the test in 2012
[2015]?

What will be the
advertisement
spending for the top
100 leading national
advertisers dedicated
to measured media
this year?

What do you think is
the new prediction
(i.e. Mr. Moore will
get the votes of how
many people)?

Study
2

Rainforest

Study
3

Rainforest

Company
Profit

Students
Passing
Exam

Study
4

ER visits

Museum
visits

Deforestation in the Amazon
Rainforest threatens many species of
trees. The goal of many non-profit
environmental organizations is to
prevent [save] trees from being cut.
In 2008, 113 000 square miles of
rainforest were cut [saved].
Deforestation in the Amazon
Rainforest threatens many species of
trees. According to the Rainforest
Foundation, in the year of 2010
alone, 113,000 square miles of
rainforest were cut.
A company produces party themed
items such as paper napkins, paper
plates and paper cups. The managers
have gathered for their annual
meeting: the focus will be on the
company’s overall performance. The
total gain for 2017 was $13 million.
The International Association of
Arson Investigators developed the
Certified Fire Investigator (IAAICFI) exam. The IAAI-CFI exam is an
established test for identifying and
recognizing a fire investigator’s
expertise. This test is accredited by
the National Board of Fire Service
Professional Qualifications. Every
year, the International Association of
Arson Council, which administers the
exam, releases the number of people
who passed the test in the US. In
2014 the number was 650.
Imagine that an urban hospital
received 9,200 visits to its emergency
room last month.

What do you think is
the current total
amount of rainforest
cut [saved] this year?

Imagine that 1,700 people came and
visited a Science Museum this week.

How many visitors
will this museum have
next week?

97

What do you think
will be the amount cut
in 2018 [was the
amount cut in 2002]?

What do you think
will be company’s
total gain in 2020 [was
company’s total gain
in 2014]?

How many students do
you think will pass the
test in 2019 [passed
the test in 2009]?

How many visits will
it receive next month?

Pages read
online

The Nielsen group reported last year
that on average the number of
webpages read by a person is 2,543.

How many webpages
does a person read on
average this year?

Calories
Burned

Imagine that the number of calories a
person burns today is 1,850.

How many calories
will the person burn
tomorrow?

Calories
Eaten

Imagine that the number of calories a
person ate today is 1,850.

How many calories
will the person eat
tomorrow?

Stimuli for Study 5:
[control condition]
Charity A:
Guatemala Hospital Relief
Guatemala often suffers from lack of medical infrastructure. Critical medical
infrastructure does not exist in many parts of the country, leaving many residents without
medicine. The Guatemala Hospital Relief distributes medicines to sick people living in
remote regions of Guatemala.
In 2019, the Guatemala Hospital Relief received emergency requests from 17,000
patients.
Donate today to the Guatemala Hospital Relief.
Charity B:
Ayuda Nicaragua
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Ayuda Nicaragua is a charity that focuses on recurring health problems in Nicaragua such
as neglected tropical diseases and parasitic worms. Ayuda Nicaragua distributes critical
medicines to people affected by these diseases.
In 2019, Ayuda Nicaragua received emergency requests from 15,000 patients.
Donate today to Ayuda Nicaragua.
[prediction condition]
Charity A
Guatemala Hospital Relief
Guatemala often suffers from lack of medical infrastructure. Critical medical
infrastructure does not exist in many parts of the country, leaving many residents without
medicine. The Guatemala Hospital Relief distributes medicines to sick people living in
remote regions of Guatemala.
In 2019, the Guatemala Hospital Relief received emergency requests from to 17,000
patients.
Donate today to the Guatemala Hospital Relief.
Charity B:
Ayuda Nicaragua
Ayuda Nicaragua is a charity that focuses on recurring health problems in Nicaragua such
as neglected tropical diseases and parasitic worms. Ayuda Nicaragua distributes critical
medicines to people affected by these diseases.
In 2019, Ayuda Nicaragua received emergency requests from 15,000 patients.
How many patients will make emergency requests in 2025?
Donate today to Ayuda Nicaragua.
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Stimuli for Study 6:
River Pollution in Brazil
Brazil is the country with the largest drinking water reservoir in the entire planet.
Brazil is home to about 14% of drinking water available in the world and thousands of
rivers. The conservation of those rivers is important not only for South Americans but to
the world in general. However, due to economic development and lack of environmental
policies, many rivers got polluted in the past decades. The most recent report from 2018
showed that 68,000 miles of rivers are polluted in Brazil.
How many miles of rivers, do you think, were polluted in Brazil in 2011 [2017]?
[page break]
We have a satellite image database of potentially polluted rivers that was
collected in a joint effort by several environment conservation organizations. The
information contains the geolocation of the image. We need help confirming that there is
a river in those locations.
We need volunteers to look at the satellite image and confirm whether there is a river on
the image. It takes about 10 seconds to verify one image. You can help us by verifying
satellite images from our database. This activity is important because it will allow us to
have a more accurate database of polluted rivers and help the conservation organizations
to allocate their resources to recover those rivers. Your participation is totally voluntary
and does not impact your payment for completing this HIT. Your help would be greatly
appreciated.
Remember it takes about 10 seconds to verify each image.
Would you be willing to help with this task? Yes/No
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